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The Web is like an organism made up of millions of cells that are all
connected, intertwined, and communicating. It is a massive world-
wide creature that is continuously evolving, spawning, and changing;
since its birth, it has already mutated into a new type of species,
where millions of computers and consumers connect to every com-
pany in the world and their product inventory databases. In this
organic environment of constant ferment, the consumers drive prod-
uct availability, features, and pricing. Electronic retailing, which is
supported and nurtured in this environment itself, mimics the mech-
anisms of a single-cell organism—adapting to the needs, tastes, habits,
and preferences of its customers. Billions of business transactions
flow and evolve, subtly transforming consumers and retailers in this
dynamic marketplace and the relationships between them.

This book is about biological-based business practices—processes
and tools that mimic biological functions. The mining of website
transactional data with artificial intelligence-based tools (programs
designed to mimic human functions) is an attempt to recognize, antic-
ipate, and learn the buying habits and preferences of customers in this
new evolutionary business environment. It is of paramount impor-
tance that the retailer in a networked economy such as this be adap-
tive and receptive to the needs of its customers. In this expansive,
competitive, and volatile environment, data mining will be a critical
process impacting a retailer’s long-term success, where failure to
quickly react, adapt, and evolve can translate into customer attrition
in the click of a mouse.

The Idle Portal

My decision to write this book stems in part from a series of e-mails
I had with a marketing director from one of the major search engine
companies. Like its competitors, this Internet company was expand-
ing its services and products at a frantic pace. It was growing and
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moving at “Internet time,” as they say, through a dizzying array of
acquisitions, deals, partnerships, alliances, and redesigns. However,
in its rush to expand its share of the marketplace and stay ahead of
its competitors, it was failing to leverage one of its most important
weapons—its knowledge about its visitors. As our e-mail exchange
progressed, the magnitude of the problems facing most websites, and
how data mining could assist companies on the Internet in coping
with the millions of customer interactions they were accumulating on
a daily basis, became clear to me.

This portal, like dozens of its rivals, was making an effort to per-
sonalize the content it provided to its visitors- through its
“myportal.com” feature (see Figure 1-1). In doing so it was soliciting
important personal information from them via registration forms,
which was by itself generating valuable databases for mining. More
important, this same database could provide the foundation for obtain-
ing additional demographic and household information for detailed
profiles about visitor preferences, lifestyles, and consuming habits.

———
Figure 1-1A Y
The personaliza- | € sign up!
tion of portals. 3 simple steps gets you FREE...
Excite Mail, Excite Communities, Message Boards, Chat, a Personal Front Page.

1. Choose Your Login Information - 5-20 characters; only letters, nummbers, and dashes,

2. Password Reminder Phrase - {n case you forget your password.
Enter a phrase that will remind you of your password. For example, if your password is the last six
digits of your social security number, you might enter “the last six digits of my SSN".

Hint Phrase:

3. Personalization Information - (nformation to provide customized features.
Get local weather reports and events, your horoscope, and ather cool features.

Click heve,

First Name: | ]
Last Name: | ]
P Code [ ]

Email Address: | |

Binhdate: | )| Ja[ |

Gender: O Female O Male
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_—_—
Figure 1-1B
The personaliza-
tion of portals.

e ——————
Figure 1-1C
The personaliza-
tion of portals.

2. Perso L : . . .
The information vou provide hers will help us maintain your account and provide you with
mote relevant news, information and ads. Tour submission of this form will constitute your
consent to the collection and use of this information and the transfer of this information to
the United States ot other countries for processing and storage by Yahoo! and its affiliates.
For more information regarding your privacy, please see our Frivacy Policy.

your First Name ,———————‘l
ional)

f

your Last Name l_——_——4|
iomal)

vourBirthdate =& |.19[ ]

In case you for gef your password.

your Gender[—___[¥|
your Industry [[select industry] .
your Occupation [[select occupation]

vour B-digit Zip Code I:j

IFyou are NOT a United States (50 state) resident, please continue with |

From time to time, we would like to contact you about specials and new products.

Yes, please contact me using:
@ The email address above O Please dont contact me.

,
@l o -

Tell us something about what you like. This will help us choose the kind of news, web sites,

and information we should display on your pages.

Redisiralion Page <Neiscape

Please provide u:
Plsasa erter all information in the required fields. wer, the mere information you provide the more
customized your Personal Guide wil be. Read our priacy polics.

. et L
ave:

[ e 3 (*required)
Gonder: OMale  OFemale
Bitdate: [ i)
£.mail Addross: [ Tall me sboutn Ly s ané producs.

ETRE
Tell us what content you'd like to see on the front page of your Personal Guide. Click the
question mark icans for content item descriptions.

|
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4 mine2.com

However, this search engine company really did not know who it
was attracting or who was leaving its website. It did not know who
its most valuable visitors were, or why. Like many major and small
websites, this Internet company was discarding the valuable intelli-
gence it was gathering every hour of every day—it was not mining the
information it was accumulating from its millions of visitors.
Although it was moving in the direction of data mining (due to pres-
sure from advertisers), it did not know the characteristics and behav-
ior of its visitors. It was placing ads in front of visitors based on the
keywords they entered, rather than observed patterns modeled from
data mining. It was a hardwired solution to an application ideally
suited to modeling of observed human behavior.

Mining Data

Data mining, in a nutshell, is inductive data analysis. When data is too
large and complex to be examined by humans, a summation in the
form of a ratio or a formula can often reveal a pattern. The volumi-
nous amounts of data generated from a website, for example, often
hide patterns that reveal conditions when visitors are likely to make
purchases or click on certain ads or banners.

IF domain AOL

AND keyword broncos

AND gender male

AND age. 18-49

THEN ad ESPN ( 68%
AUTOTEL 18%
Amazon 9%
Microsoft 5%

Data mining software can reveal how the value of one field in a
database is affected by the value of other fields. For example a field
such as “total purchases” may be affected by other values or fields in
your logs or forms database, such as the visitor’s age, gender, refer-
ral engine, or keywords he or she used. In this example, “total pur-
chases” is the field to be explained or predicted (that is, it is the
dependent variable or output of your analysis) while the other fields
are the inputs to your data mining model (the conditions or inde-
pendent variables): 4
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Value to Predict Values or Conditions to Consider

Total Purchases (Output) Age, Gender, Engine, Keywords

1 . 32, Female, Excite, children’s software
2 43, Male, Yahoo, math software
3 53, Male, Infoseek, software

Data mining software enables us to relate the field to predict (in
the above table, “total purchases”) with the other fields in the data-
base. The output from the data mining analysis can detail this rela-
tionship in the form of a decision tree diagram, [F/THEN rules, or a
mathematical formula. The score obtained from this analysis can be
used to grade new visitors based on their propensity to make pur-
chases equal to the amount modeled via the data mining analysis.

Data mining, then, can be defined as the iterative process of
detecting and extracting these patterns from large databases: it’s pat-
tern-recognition.

Data mining lets us identify “signatures” hidden in large databases,
as well as learn from repeated examples. It lets us create models for
the detection of, say, future potential customers likely to make a large
number of total purchases. Data mining involves various solutions,
techniques, and technologies, sometimes in combination, such as pre-
dictive modeling and customer profiling, arrived at via various tech-
niques including association, classification, clustering, estimation,
optimization, segmentation, sequencing, prediction, and visualization.

For the portal company, for example, data mining could be used to
predict which visitors will click on what ads or banners by construct-
ing a model based on observations of prior visitors who have behaved
both positively and negatively to the advertisement banner. Another
end product of data mining is an analysis of these clickthroughs that
discovers and describes the factors (e.g., connect time) and the attri-
butes of respondents (e.g., gender) who responded to an ad. This can
provide you a profile of who is likely to respond to future ads and
assist you in the design of future banners and campaigns.

Data mining is #ot query- or user-driven, nor is it a cumulative
traffic report of hits to your site. Data mining is instead driven by the
need to uncover the hidden undercurrents in the data, such as the
“features” of the visitors generating the hits to your site. So far most
analyses of websites data have involved “traffic reports,” of which
most are geared toward providing cumulative accounts of server
TCP/IP-specific browser-to-server activity. Most server analysis

—1 Chapter 1
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packages lack the ability to provide any true business insight about
customer demographics and online behavior, although some are mov-
ing in that direction as electronic commerce heats up.

Current traffic analysis tools, like Accrued, Andromedia, HitList,
Netlntellect, NetTracker, and WebTrends, are geared at providing
high-level predefined reports about domain names, IP addresses,
browsers, cookies, and other machine-to-machine activity. These soft-
ware packages originated from the need to report on the activity of
the server and not on the behavior of its visitors. These server activ-
ity reports simply do not provide the type of bottom-line analysis that
retailers, service providers, marketers, and advertisers in the business
world have come to demand.

Data mining obviously requires the strategic use of a special type
of software: one that is based on artificial intelligence technologies,
such as self-organizing or back propagating neural networks or
genetic and machine-learning algorithms. It may involve using the
output from these tools with graphs and maps or incorporating code
into production systems or automated e-mail generators. However,
data mining is much more than its software tools; it is a process that
involves a set of methodologies and procedures for extracting and
preparing the data and then incorporating the solutions into your
business and website. Data mining, for example, can involve the
strategic capturing of visitor information via registration forms,
merging of this online data with additional demographics, and then
analyzing it with powerful pattern recognition software for the cre-
ation of predictive models. The formats of data mining are as varied
and diverse as the multiple approaches and technologies. What you
get out of data mining will to a large extent depend on what you
require from it: it may be executable C code, SQL syntax, a 3D graph
or map, a decision trees, or a set of rules. The end product of data
mining, however, is insight about the identity and preferences of your
online customers.

Most often, data mining is about providing business and market-
ing solutions using a combination of resources and techniques—a
combination driven by not just the data mining tools you use, but also
your IT resources, the analysts” skills, the quality of the data available
for the analysis, and the support of the marketing and web team
members. Data mining often requires developing some strategic tech-
niques for preparing your server data and enhancing its value. Most
of the data in today’s systems, such as web servers, were designed for
transaction processing, not for analysis. In the mining of website
databases you will be involved in working with structured data, such
as logs files and databases created from registration or purchase
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forms. You will most likely be working with either relational tables or
flat text files, not with unstructured data like sound, video, paper,
and digital feeds—the type of data with which the analysts in Langley,
Virginia, must wrestle.

Nothing New

Today the goal for marketers is to know and serve every customer,
one at a time, and to build long-term, mutually beneficial relation-
ships. Data mining is the key to this customer knowledge and inti-
macy. For years marketers have been using databases to get a picture
of their customers. Using data mining tools they can also compile a
composite profile to predict which of their customers are most likely
to buy a given product and service or respond to certain communica-
tion. Artificial intelligence (AI) technology in the form of data mining
has been in use by:

Cellular phone companies, to stop “churn” (customer attrition)
Financial services firms, for portfolio and risk management
Credit card companies, to detect fraud and set pricing

Mail catalogers, to lift their response rates

Retailers, for market basket analyses

These companies typically store their customer information in
massive data warehouses where it is used for business intelligence,
decision support, and relational marketing. To improve on the qual-
ity of their internal database, these firms have been merging their
internal customer and transactional data with demographic and
household information purchased from data resellers like Acxiom,
Equifax, Metromail, Polk, and others. They do this in order to
enhance their knowledge about their customers’ lifestyles and to find
out what kind of products and services they consume. Through the
use of powerful pattern-recognition technologies incorporated in
today’s data mining suites, these firms have been attempting to antic-
ipate their customers’ behavior—will they respond, will they flee,
will they pay, and (most often), will they buy, and if so, what, when,
and where.

One of the world’s largest data mining applications is that of Wal-
Mart, which individually profiles every one of their 2,900 stores 52
weeks a year for product demands on over 700 million unique
store/item combinations. Through data mining Wal-Mart is able to
anticipate demand and thus reduce overhead, inventory costs, and
stock. It is able to position the preferred type of mouthwash and dog

I" Chapter 1
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food in front of the right consumers. This physical retailér uses
NeoVista data mining software to be able to anticipate their cus-
tomers’ demands very accurately, similar to the way electronic retail-
ers like Amazon are beginning to want to know how to position the
right products online and manage their inventory in the back-end
more effectively.

Depending on the type and detail of customer information a
company has, such as ZIP code, date of birth, prefix, etc., addi-
tional information can be appended from data resellers and mod-
eling vendors. For example, industry-specific scores can be
purchased from such companies as Fair, Isaac, or Experian, which
assign risk or value to individuals. Banks, insurance, and credit
card companies commonly use these scores in determining what
product offers to make to their clients or potential prospects.
Coupled with enhanced customer information, these firms are
using data mining technologies and techniques to drive their deci-
sions and knowledge about their customers. Of course there are
other data mining applications in use, such as quality control, mon-
itoring production processes, and law enforcement, but the bulk of
the applications (as with the mining of websites) are customer-
centric, in which client behavior and knowledge of their prefer-
ences is the golden nugget being sought.

Mining Online

Websites today find themselves competing for customer loyalty and
dollars in markets where it costs little for customers to switch to com-
petitors. The electronic commerce landscape is evolving into a fast,
competitive marketplace where millions of online transactions are
being generated from log files and registration forms every hour of
every day, and online shoppers browse by electronic retailing sites
with their finger poised on their mouse, ready to buy or click on
should they not find what they are looking for—that is, should the
content, wording, incentive, promotion, product, or service of a web-
site not meet their preferences. In other words, it is a market where
browsers are attracted and retained based on how well the retailer
remembers their needs and whims.

In such a hyper-competitive marketplace, the strategic use of cus-
tomer information is critical to survival. As such, Al in the form of
data mining has become a mainstay to doing business in fast-moving
crowded markets. In accelerated markets the margins and profits go
to the quick and responsive players who are able to leverage predic-
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tive models to anticipate customer behavior and preferences. Data
mining of customer information is required in order to make deci-
sions about which clients are the most profitable and desirable and
“what their characteristics are in order to find more customers just
like them—the type of customer profiles and business knowledge
electronic retailers and advertisers are beginning to expect from the
Web after years of heavy investments and marginal ROIs (returns on
investment).

The savviest retailers utilize sophisticated data mining software
that is powered by genetic algorithm (GA) technology to optimize
their inventory delivery systems based on consumer preferences and
profiles. GAs are programs that replicate the process of evolution
(selection, crossover, and mutation) in their search for an optimized
solution from a given set of items. For example, GAs in combination
with neural networks are being used by some retailers to not only
control what inventory is placed in what store, but also design the
stores themselves, leading to changes in everything from shelf
heights to parking spaces. So if GAs can be used to optimize the
design and layout of physical stores, such as a Wal-Mart or Sears,
think what they could do to optimize the design of a large electronic
retailing website like Amazon.

Several varied attempts are being made to personalize the brows-
ing experience of website visitors, including collaborative filtering
(Firefly) and the aggregate pooling of cookies through ad networks
(DoubleClick). However, few companies involved in electronic
retailing are looking at data mining technology for the analysis,
modeling, and prediction of customer behavior. Some major portals
are using software from Aptex, which is a spin-off from HNC, the
world’s largest neural network company, to position the appropriate
banner and ad in front of “right” visitors based on Aptex’s propri-
etary text and neural net technology. The cost and maintenance of
this sophisticated type of software, however, is too steep for most
commercial websites.

In the end, the mining and identification of your visitors® profiles
can provide you an insight into what type of messages, banners, ads,
offers, incentives, products, and services you want to place in front of
them. Through the analysis of your website data—after it has been
commingled with household and demographic information—your
firm can begin to compile a profile of your potential future clients.
The mining of your web data is also a strategic necessity for creating
a lasting relation with your current customers and establishing a prof-
itable online storefront. As previously mentioned, data mining often

I Chapter 1
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involves a combination of technologies that are able to provide
assorted solutions and formats.

How Data Mining Answers Key Business Questions

Classification/Prediction

Figure 1-2
View of a net-
work with
multiple inputs
designed to pre-
dict a response.

s

Who will buy, what will they buy, and how much will they buy?
These types of business questions can be answered via data mining,
They involve classification and prediction (which is a form of classi-
fication into the future) and can best be accomplished through the use
of neural networks and genetic algorithms (see Figure 1-2). This type
of inductive data analysis can be used to predict who will buy or how
much they are likely to buy.

Neural and polynomial networks can be used to construct pre-
dictive models in order to anticipate your customers’ behavior and
their propensity to respond to ads, banners, and offers and (of
course) their propensity to make online purchases. These predictive
models are constructed out of observed behavior of current visitors
and customers and are designed to predict the behavior of future vis-
itors. As with fraud-detection models created with neural networks,
a web-based model is trained with a sampling of positive (Sale) and
negative (No Sale) customer accounts. A back-propagation neural
network will recycle through thousands of samples until it learns to

recognize the features and patterns made by the visitors to your web-
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Figure 1-3
Data mining
instrument
monitoring the
accuracy to a

-

model.
site who made purchases or clicked through certain ads or banners.
(See Figure 1-3.)

The end product of neural network analyses is usually C code,
which can be used to target future-visitors to your site via e-mail with
product-specific offers. The C code itself is a set of weights, or a for-
mula, that uses the inputs of the model to compute a projected out-
put or score. This score is usually in the form of a binary output such
as “0 = will not buy, or 1 = will buy.” The output can also be a con-
tinuous value, such as the projected amount of purchases a visitor is
likely to make. Here is an example of C code that can be extracted
and used to predict propensity to purchase models:
double *purchase(double inarrl])

“

/* visitor_age—TMp]et */

visitor_age = 0 - 22.0566 - 40.4871*node5 - 18.3542*pow2(node5)
+ 0.174813*pow3(node5) - 68.848*node3l

156.303*node5*node3l - 83.2704*pow2(node5)*node3l
- 44 5781*pow2(node3l) - 37.7005*node5*pow2(node3l)
- 0.0442751*pow3(node31l) - 64.3699*node32
- 54.3879*node5*node32 - 185.61*node31*node3?2
- 156.467*nodeb*node31*node32 -
- 0.109251*pow2(node32) - 0.272628*node31*pow2(node32)
- 0.00897233*pow3(node32) ;
Segmentation

What are the different types of visitors to your website? Segmentation
analysis using machine-learning algorithms can break down visitors
to a website into unique groups with individual behavior. (See Figure
1-4.) These stratified groupings can then be used to make statistical
projections, such as the potential amount of purchases they are likely
to make.
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Figure 1-4
Segmentation of
projected sales
according to
demographics of
visitors.

Business rules can also be extracted directly from the web data

during this type of segmentation analysis: N

IF search keyword is “math software”
AND age is 38-42

AND gender male

THEN average projected sale amount is $79.95

Segmentation analysis can take the form of a graphical decision
tree (see Figure 1-5), where the average sales are lower to the left
and higher to the right. The splits in the tree are determined by
the transactional conditions, such as the connect time or domain,
or by the visitors’ demographics, such as their age or number of
children, or on the basis of their consumer class according to their
ZIP code.

The IF-THEN rules extracted from segmentation analysis can also
be concise statements describing specific market segments:
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, Figure 1-5
One common
data mining for-
mat is a decision
tree, which

Objective: Number_of_Sales

segments a

database.
Condition Attribute
IF Number of Children >=1.2
AND Vehicle Value Luxury
AND Southwestern Families >= 40%
THEN Average Sale 3.4 (Node #12)

Or,

Condition Attribute
IF Sub-Domain is AOL
AND Gender is MALE
AND Age is 37-42 .
AND Is from ZIP Code “High Rise Renter” 78-85%
THEN Will Purchase  Probability Score 81%

Association

What relationships exist between your visitors and your products? Still
another type of data mining analysis looks for hidden associations in
your data, such as gender, age, domains, etc.

In the analysis shown in Figure 1-6, a relationship was found
between the search keywords and product lines. Several data mining,
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Figure 1-6

The stronger the
association, the
bolder the links.

Figure 1-7
Summary report
of links found at

a website.

visualization, and web analysis software programs provide this type
of association output. In this instance we are using a data mining tool
that not only provides a visual representation of the strong links
between keywords and particular product lines, but it also generates
a narrative summary report (Figure 1-7).

Association rules and graphs associate a particular conclusion
(e.g., the purchase of a particular product) with a set of condi-
tions, such as the purchase of several other products. Association
rule algorithms automatically find the associations and present
them via visualization techniques. The advantage of this type of
association analysis over segmentation decision tree analysis is
that association can exist between any of the attributes. A decision
tree algorithm will only build rules with a single conclusion
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~ Figure 1-8
Clustering of
visitors based on
the search
engines they
used to arrive at
this website.

whereas association algortihms attempt to find rules that may
have different conclusions.

Clustering

What are the groupings hidden in your data? Yet another format of
data mining is that of clustering, which is commonly used to search
for unique groupings within a data set. (See Figure 1-8.) A special
type of neural network, known as a Kohonen network, or a Self-
Organizing Map (SOM), is used to perform this type of analysis. An
SOM is a form of “unsupervised learning” that organizes itself
around distinct clusters in a data set without input from the analyst.
SOMs are commonly used by retailers in market basket analysis to
search for groupings between products that tend to sell in combina-
tion. SOMs can also be used to search for clusters in web data in
order to find both the cross-selling patterns of products, as well as
distinct clusters, such as the groupings of unique visitors’ traits.

Visualization

What are the distributions and patterns in my website data? The
human eye is critical in the mining of your data. Visualization can take
many forms. For example, in Figures 1-9, 1-10, and 1-11, we have
three increasingly narrowed geographical views of a website’s visitors
as seen from the ZIP codes as submitted in its registration form.
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Figure 1-9
Most visitors to
this website
come from

- California and
Texas.

Figure 1-10
This data min-
ing tool allows

the user to drill
down for further
analysis.

Figure 1-11
Color and height
represent a
higher than
average amount
of visitors.
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Optimization

How can you maximize your online presence and sales? Lastly, genetic
algorithms (GAs) can be used to optimize your website presence and
online sales. (See Figure 1-12.) As previously noted, GAs are opti-
mization techniques and programs that use processes such as genetic
selection, crossover, and mutation for the solution based on the con-
cept of natural evolution. (See Figure 1-13.) For example, a GA in a
data mining tool can be used to try thousands of settings and combi-
nations of inputs in the fine-tuning of a neural network. Neural net-
works and genetic algorithms are also being used to design physical
storefronts and can also be used to optimize websites, such as the
arrangements of a site’s products and services.

The use of a GA to fine-tune a neural network can be viewed as a
form of data compression. For example, a GA can prune a very long
file containing hundreds of variables down to only a few inputs for
predicting sales. This process of optimization is a form of data reduc-
tion in which the software will try and reduce its own error rate,
while at the same time compressing the number of inputs to a neural
network.

A data mining analysis will likely involve the use of multiple tech-
niques and technologies. (See Figure 1-14.) For example, it is a com-
mon practice to use a segmentation tool, such as a decision tree
program or an association technique tool, to identify important vari-
ables in a database with a large number of fields, and then use a

1001160011101100110101111111010

1246E-01 11101000001011101101000000011001010011111000101010
- 0011000100001011111110111011010
] 1.253E-01 11101000001011101101000000011100001010011011010000
| 0110000010001101011000000010101
| | 1.260E-01 10101000101000100000000011110001111110100100000011
0011001101110011111001110111111
11100000000101101010000010111110000010110181000110
1101110111101010001001001101101
11101000001011101101000000011001010010111100160010
1001100011101100110101111111010
11101000001011101101000000011001010011111100160000
0110000011000100101611011000010
b 11101000001011101101060000011001010011111100100000
1001100011101100110101111111010
| [1292E-01 11101000001011101101000000011001010011111100100000
1001100011101100110101111111010
| [1292E-01 11101000001011101101000000011001010011111100100000
L 1001100011101100110101111111010

Figure 1-12

A GA can be
used to optimize
the performance
of a neural
network.
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Figure 1-13
GAs and neural
networks can be
used to predict
online sales.

Figure 1-14
The identifica-
tion of hidden

patterns in your
data often
involves several

steps.
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A

Predicted vs Desired for
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neural network to construct a model using those selected fields as
inputs. Next, a genetic algorithm may be used to further try to opti-
mize the neural network so that even fewer variables are used to pre-
dict such outcomes as total sales or the propensity to make purchases
by new visitors to your website. Lastly, a visual tool may be employed
to display the results and perhaps enhance the insight gained from the
entire data mining process.

While all of these formats provide different types of inputs and
results, they are not mutually exclusive; instead, they complement
each other and should be considered and used in tandem. For
example, the visualization of your data can be done both during your
initial analysis (to get an overview of your data) as well as after you
have performed your segmentation and classification processes. What
data mining formats you obtain from your analysis and what
sequence you select is really driven by your business needs. In fact,
you may select to perform but one single process—it is your option.
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The formats you obtain from your analysis will affect the steps
that you go through in the mining of your website. There are ten
general steps that are covered in more detail later in the book. Your
data mining format will impact each of these steps, since it will influ-
ence your decisions on your objectives, the selection and preparation
of your server data, the tools that you use, and how you integrate
your findings.

Data Mining Drives Relational Marketing

While early adopters of data mining technology have tended to be
from data warehouses in information-intensive and ultra-competitive
industries such as financial services, telecommunications, and retail-
ing, today virtually every company has a website generating massive
amounts of customer information. Similar to data warehouses, large
commercial websites involved in electronic retailing are today dealing
with huge amounts of data that data mining tools are especially apt
at dealing with. Indeed, with the advent of the Web and electronic
commerce, nearly every company large or small is now in an “infor-
mation-intensive and ultra-competitive” mode and thus likely to ben-
efit greatly from data mining. The Web is an ideal marketing
environment where every transaction can be captured, stored, and
subsequently mined for a strategic advantage. The data mining of
your website can allow you to:

» build unique market segments identifying the attributes of high-
value prospects

» identify the key attributes of your web customers for each of your
products

m select promotional strategies that best reach your web customer
segments

= analyze your online sales to improve targeting of high-value cus-
tomers

m test and determine which marketing activities have the greatest
impact

m identify customers most likely to be interested in your new
products

reduce costs and improve the value of customer relationships
improve your site’s product cross-selling and up-selling
leverage the knowledge about your online customers
identify the best online prospects for your services

understand the reasons for brand switching
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®  manage your web customer relationships
= improve your web ads and sales process
» maximize online ad throughputs

Mining your website data lets you focus your efforts on your most
profitable customers and prospects. It allows you to design marketing
strategies to reach your clients incrementally—from mass, to market
segment, to individuals. As you begin to do electronic retailing you
can also improve your relational marketing efforts by mining the data
that you daily accumulate from your website. Relational marketing is
about marketing in a continuously narrower and targeted range.
Ideally it involves marketing to individuals based on observed behav-
ior patterns rather than just demographics or on the basis of key-
words you glean from log files.

Today, with ready access to increasingly larger amounts of web-
site visitor information and data mining technology, a website can
truly begin to offer individualized treatment to its online customer.
Unlike mass marketing, with relational marketing, every customer is
his or her own market segment. Relational marketing focuses a site
on its true source of revenue and profits: its customers. In a dynamic
and highly competitive environment such as the Web, electronic
retailers must recognize that they can gain a competitive advantage
by better understanding and caring for their most frequent visitors
and best customers.

Web Privacy

At this point it is important to remind you of the importance of pri-
vacy and your need to explicitly tell your website customers how you
plan to protect the information they provide you, because if you don’t
you will have no data to mine or business on the Web. It is important
that you look at your website customers’ personal information as your
company’s most valuable asset. You must be prepared to protect it and
ensure it is not disclosed. The privacy of your website visitors must be
guaranteed, period. Make no mistake, recent surveys indicate people
on the Web are not willing to share personal or financial information
that can be sold to third parties. In Europe, failure to protect this type
of personal information is already illegal, so take care.

You must convince your website visitors and customers that what-
ever information they provide you will be used to save them time and
money—in fact you need to prominently guarantee it in writing. The
protection of your customer information is not only good business
sense, but it is also the most valuable asset you have in terms of com-
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petitive intelligence. Think about it—what do you know about your
online customers that your rival does not? If you are going to be data
mining web-generated information for purposes of marketing and
commerce, you need to create a trusting relationship with your visi-
tors and customers. You need to adopt an explicit and prominent
security and privacy policy in order to ensure an intimate dialog with
your online clients. You need to state:

1. The information you need from them and why this will save
them time and money.

2. The tangible benefits they will get in exchange for the informa-
tion they disclose.

3. The actions you will take to protect and not disclose the infor-
mation they provide.

4. The control they have over the information, such as their right
to purge it or update it.

5. Your assurance that the personal information they provide you
will solely be used to improve the service you provide them.

Benefits and Incentives

Website visitors and customers will provide information about them-
selves if they see some tangible benefits for doing so. For example, the
Web continues to expand on a daily basis with the number of websites
in the tens of millions and new ones going up every hour of every day.
If you can assure your visitors that by completing a registration form
you will be able to facilitate the location of important products or ser-
vices they specifically want, then you are on your way to establishing
a productive relationship with them. You need to assure them and
prove to them that the more you know about them, the better you will
get at serving them in a timely, accurate, and individualized manner.
Personalized customer information must be mined with the full intent
of improving your individual service to them.

The mining of this data will only ensure you are more efficient in
how you respond to your customers’ likes and preferences. Data min-
ing is about leveraging pattern recognition technology toward a busi-
ness objective, which in this case is customer service. This translates
into knowing what your customers want before they know it them-
selves. Ultimately they will want to stay in the client relationship, since
training another vendor or competitor will cost them time and effort.

One method of obtaining valuable customer information is by
providing a free service in exchange (this is the business model used
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to provide free e-mail by HotMail). Another method of securing valu-
able information from your website visitors and customers is by pro-
viding them a special discount on your products and services. This
may be in the form of a one-time offer, a coupon, a reduced rate, a
free ticket, a free upgrade, technical analysis or support, a white
paper, etc. Then there is the straightforward appeal. Phrase your
requests in this manner: How can I best serve you? How can I pro-
vide you with local information, such as a weather report, if I don’t
have your ZIP code?

An established practice for your website should be that informa-
tion collected for one purpose should not be used for another with-
out your visitor’s or customer’s permission. For example, if your
customer’s e-mail address is being secured solely to contact them to
rectify a billing error or to confirm an order, that should be made
clear. Your website should be very straightforward about why you are
asking for the information and how you plan to use it. Website visi-
tors and customers should be given prior notice regarding the collec-
tion and usage of personal information or other type of tracking data.
Finally, you should offer your customers the option to “opt in or
out”—offer them various levels of privacy protection. The more
information they provide you the more service they are likely to
receive from you since you will be better able to deliver to them what
they want, when they want it, in a manner unique to their needs.

Ten Steps to Mining Your Web Data

Before you start to mine your data you need to consider what your
objective is and what kind of information you will need to capture to
achieve your objective. For example, you may need to issue identifi-
cation cookies during the completion of registration forms at your
website. This will enable you to match the information captured from
your forms, such as the visitor’s ZIP code, with the transaction infor-
mation generated from your cookies. It will also allow you to merge
your cookie information, which will detail the locations where your
visitors go to while in your website, with the specific attributes like
age and gender from your forms. Additionally, a ZIP code or visitor
address will allow you to match your cookie and form data with
demographics and household information matched from third-party
data resellers.

The data from your website will likely need to be scrubbed and
prepared prior to any sort of data mining analysis. Log files, for
example, can be fairly redundant since a single “hit” generates a
record of not only that HTML but also of every graphic on that page.
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However, once a template, script, or procedure has been developed
for generating the proper recording of a single visit, the data can be
input into a database format from which additional manipulations
and refinements can take place. If you are using a site traffic analyzer
tool, this data may already be format-ready for additional mining
analysis. Keep in mind that several steps may be required prior to
undertaking your analysis, including the following ones, which will
be discussed in detail later in the book:
. Identify your objective — Profile your visitors?
. Select your data — Form database?
. Prepare the data — Append demographic information?
. Evaluate the data — Visualization?
. Format the solution — Segmentation, prediction?
. Select the tools — Single or suite?
. Construct the models — Train and test?
. Validate the findings — Share with teamns?

9. Deliver the findings — Provide report, code?
10. Integrate the solutions — Marketing campaign?

[T e N R A

Clearly not all of these steps are required, but you should con-
sider them prior to starting any in-depth analysis. They certainly do
not always follow this exact sequence, but personal experience
bears out the fact that in most assignments these were the issues that
needed to be resolved prior to completion of most data mining pro-
jects. Most of my prior data mining projects involved working with
customer information files, datamarts, and data warehouses from
retailers, banks, insurers, phone, and credit card companies, but
they typically dealt with the same client-centered issues or ques-
tions, mainly: Who are the customers? What are their features? And
how are they likely to behave? Electronic retailers face the same
questions today.

Most likely you will need to do your data mining on a separate
server dedicated to analysis. After your analysis you will need to val-
idate your results through some sort of production system such as a
marketing test e-mail campaign. Note that the costs involved with e-
mail versus physical mail or phone calls allows for a very rapid assess-
ment of your data mining and marketing efforts. It is certainly a very
economical way to evaluate your data mining project: it only costs
about five cents to e-mail a poténtial customer, compared with as
much as five dollars for direct mail and eight to twelve dollars for a
phone sales call. Planning and executing a traditional marketing cam-
paign used to take months; today on the Web an e-mail campaign can
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take hours. The Web has precipitated the trend toward one-to-one
marketing and the validation of data mining results by allowing the
rapid evaluation of predictive models.

It is not difficult to assess the benefits of data mining and its
return-on-investment (ROI). Simply consider the quantitative counts
of clickthroughs of ads or banners prior and after your data mining
analysis. Consider the percentage of sales or requests for product
information, as well as the amounts of purchases made as a result of
a data mining analysis. Consider the rates prior to your data mining
efforts and afterwards. If you initiate a marketing e-mail campaign on
the basis of your data mining analysis, consider the rate of responses
by splitting your e-mails on those individuals targeted via your analy-
sis and those excluded from the targeting. Measure the improved rate
of responses and sales from those targeted via the data mining analy-
sis and those without it.

The dynamics of your industry and marketplace will dictate how
often you should mine your website data. The intervals for mining
your data will depend on how often the attributes of your customers
change. For example, a bank may have a cross-selling model for its
call site that can be quite effective for months. The intervals in which
the bank model are created may take place on a quarterly or monthly
basis and still be relevant to the business questions they are trying to
answer, such as cross-selling opportunities of their financial products
like CDs, bankcards, loans, etc. For a portal, such as a search engine,
models may need to be refreshed on a weekly basis, because the
dynamics of the content, their visitors, and their features change
more quickly than, say, with a bank’s customers. The end products
they are trying to predict are also subject to change more frequently,
for a bank it is a loan, for a portal it is a banner or ad.

For an Internet company which exists completely on the Web, the
data mining process represents a biofeedback system to its entire sup-
ply chain. Data mining can identify for electronic retailers key mar-
ket segments, which can impact directly on its overall website design
and inventory control systems. As with physical retailers, the leverag-
ing of data mining pays off in the positioning of the right message,
product, and service in front of the right customers at the right time
in the right format.

Data mining is not an isolated process carried in a vacuum; it must
be integrated into the entire electronic retailing and marketing
processes. This is especially true with virtual storefronts because
everything—selections, transactions, orders, customer communica-
tions—is accelerated to “Internet time.” For a website entirely sup-
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ported by advertising, data mining is even more critical since it can
quickly discover and measure the effectiveness of a multitude of ban-
ners and ads on its continuous stream of visitors.

A Bookseller Example

Data mining can provide multiple solutions to website designers,
marketers, and merchants, such as an online bookseller. For example,
it can provide to a book site an insight about its electronic commerce
activities and its clientele. Data mining analysis can help it resolve
such questions as:

s What books are being sold to which visitors?
m  Who and where are these visitors located?

m  Which visitors are the most profitable?

m  What factors impact its online sales?

= Who is likely to buy what books?

To answer these types of questions, the bookseller needs to start
with an analysis of its customer information. The customer informa-
tion can come from various sources, including of course the clients
themselves, as captured by the registration forms located at its web-
site. It may also be information maintained in its data warehouse or
purchased externally from demographers or household data
providers (see Figure 1-15).

On the basis of its visitors’ ZIP code, ZIP+4, or full address, data
resellers can provide the bookseller information about their incomes,
the type of automobiles they drive, whether they own or rent, the
presence of children and other lifestyle information. Once the book

—_—
Figure 1-15
A bookseller
data set com-
bines transac-
tional and
customer.
information.
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site’s data has been enhanced, several data mining techniques and
technologies can be used to visualize, cluster, segment, classify, and
profile its customers—including the modeling and prediction of their
online behavior. For starters, this bookseller may want to:

1. Visualize the data to look for significant trends or hidden associ-
ations

2. Split the data to look for unique clusters or different groupings
3. Model the data to anticipate the behavior of its visitors

Look at the Data

This bookseller can graph and plot its customers’ attributes in order
to gain an overview of who they are. Such a visual inspection can
reveal certain demographic features about who is buying and who is
not, and provide the bookseller’s website designers and marketers
some direction on what type of campaigns, incentives, awards, and
books to offer, and to whom. For example, at this book site (see
Figure 1-16), fiction is the most popular category.

Relationships can also be discovered through visual data mining.
Figure 1-17 depicts the links between book types and visitor age
groups. The stronger the relationship the bolder the links appear on
the web diagram. (See Figure 1-18.)

Figure 1-16 A Book Category
Most customers
are male and
buy fiction and
Internet books.
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 Figure 1-17
Most of this
bookseller’s
customers are
between 40 and
54 years old.

Figure 1-18
Link analysis
showing the
associations
between book
categories and
age groups.

The associations in the diagram can also be summarized in tabular
format with the actual counts of occurrences provided in a table, as

in Figure 1-19.
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Figure 1-19
Prevalent links
between book
types and age
groups.

The actual counts can be examined between products sold and
customer features. Note that the benefits of data mining grow in
importance as the size and complexity of the data increase. In this
example, we are dealing with a very small sample size. An analysis of
several hundred thousand transactions is quite common for large
retailing websites.

Split thé Data

A different type of visual analysis, and yet another way of splitting the
data, is that of clustering.

Groups of clusters can be examined for additional information, as
was the case with this analysis of region2 in the right side of Figure
1-20. Clustering offers the opportunity to find grouping in the data
through a process known as self-organization—driven by the nature
of data, rather than the intuition or hypothesis of the analyst. This
sector can further be “drilled” by a data mining tool in order to dis-
cover some of its unique attributes. Rules can be extracted describing
the features of the clusters in region2:

IF Age 40-44

AND State NY

THEN region2 . Cluster for 56 visitors 98.2% Confidence
Or,
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Figure 1-20
Clusters of data
as grouped
according to vis-
itor age groups.

IF Age 40-44

AND Income > $26,976

AND State NY

THEN region2 Cluster for 37 visitors 97.3% Confidence

Segmentation analysis can discover important grouping in this
bookseller’s website data. The key difference between this and clus-
tering analysis is that with the former you start with a clear objective,
such as splitting the data according a specific value or output (i.e.,
“projected total sales”). In clustering, there is no predefined objec-
tive; it is a more exploratory type of analysis in which the data is
allowed to organize itself. In segmentation, the bookseller starts the
analysis by asking the questions, “who are my most profitable cus-
tomers and how do I recognize them,” which is in turn answered by
the decision tree in Figure 1-21.

The results of segmentation analysis can also be interpreted as
rules. For example, in Figure 1-21 the highest projected sales is
$244.77, which is described in the following rule:
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Figure 1-21
Segmentation
analysis decision |-
tree, in which Midelle Ameiica

avg = average |- /\
g g N [U,‘S] [S,‘ﬂﬂ]

sales, |

avg = 20992 avg = 18182
std = standard sd = 8063; sd = B3l
n = 1781(89.0%)} n = 219(11.0%)

deviation, and |
n = number of |
observations. |- v

T
State

IF Middle America Consumer Type ZIP code is greater than 0 but
less than 6%

AND visitor comes from Rhode Island, New Hampshire, or Vermont

THEN  projected online sales is $244.77, with a standard deviation of
$83.19

NOTE: The average total customer sales for this site is $206.85.

Model the Data

One of the most important types of analysis a bookseller is likely to
make is one involving the modeling of its website visitors’ behavior.
This type of analysis is known as classification or prediction and
involves the discovery and learning of visitors’ features and their
online behavior. Like segmentation, classification involves examin-
ing visitors’ features and their propensity to click through an ad or
banner or make an online purchase. Modeling and predicting web-
site visitor behavior can be accomplished using data mining tools
incorporating neural networks. (See Figure 1-22.) A neural net-
work is software designed to train itself on the patterns in large sets
of samples, which in this case involve the online activity of its web-
site visitors.

Modeling involves uncovering subtle customer and transactional
nuances that can be coded in the form of “weights” in a formula for
scoring the behavior of future new visitors. (See Figure 1-23.) On the
basis of these scores, the bookseller can mount multiple targeted
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, Figure 1-22

A network will
iterate through
thousands of
observations to
discover a
pattern.

Figure 1-23

A network will
try several com-
binations of
inputs in an
effort to predict
an output.

R Neural Network "Sal
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Wealthy Seaboard:
Enterprising Singles{[ripletl—Sales
Retired:

| +++ Current Best:
| Output 'Sales’
| Complexity: 18.000000
omplexity Penalty: 0.006000
0.972715

e-mail campaigns offering specific types of books only to those indi-
viduals likely to be interested and have a high propensity to want to
make a purchase. A recent study found that unique visitors to one
book site never go to another online bookseller. Once visitors learn
how to use one site and once that site learns their preferences and
buying habits, they’re likely to remain with that bookseller.

Our bookseller, via data mining, can now offer enough value to
lock its customers into an electronic relationship to improve its
sales and to retain them as clients. A marketing law says it costs ten
times more to acquire a new customer than it does to sell to an
existing one. By using knowledge it already has about its clients, the
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Figure 1-24
A sensitivity
analysis report
from a neural
network.

bookseller can increase the efficiency of its marketing efforts. An
additional value is that through this profiling effort it can now tar-
get potential new visitors . armed with the knowledge of who its
existing customers are. It can now furnish an image, lifestyle, and
attitude to these potential new visitors who match the composite of
its existing clients.

A sensitivity report from a neural network can tell the bookseller
what factors are impacting his online sales, which in this analysis is
the visitors’ home state, book category, age, and so forth. In Figure
1-24, the sensitivity report coincides with the findings of the visual,
association, and segmentation analyses, which found that customers
who purchase fiction and Internet books (Books Category), live in
Rhode Island, New Hampshire, and Vermont (State), and are
between 40 and 44 (Age), to be the most profitable and possess the
greatest loyalty. The visitor’s gender was excluded as an input from
the neural network model, since we already knew that males are a
dominant characteristic.

Integrate the Solution

Data mining should not be considered as an isolated independent,
one-time process. It should instead be an integrated process of
analysis impacting every aspect of a retailing site. On the basis'of
data mining analyses, a retailer can project and anticipate the allo-
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cation of shipping resources, which can affect the speed by which it
is able to deliver the goods, purchased at its website. Shipping on
the Web involves not only the physical transportation of goods, but
includes the electronic delivery of information. On the basis of this
analysis, seasonal and product-specific trends can be discovered and
monitored. Patterns can be uncovered that can alert the retailer on
what resources it may need to ensure prompt deliveries of its prod-
ucts and services.

Through the mining of its sales data, an electronic retailer can for-
mulate the marketing strategy to deploy at its site. Analysis of its vis-
itors’ demographics and the products being purchased by them can
impart valuable insight. Product-specific patterns may be uncovered,
which can be used to evaluate marketing campaigns. Mining can
reveal what domains, keywords, gender, age, income levels, and other
visitor attributes are associated with each sale at a retailing site. As
such, marketing strategies can be keyed to specific products, involv-
ing targeted ads and e-mail promotions.

The analysis of retail sales data, as with physical stores, can
directly impact a website’s everyday operations, including that of its
inventory controls. Through the analysis of its retailing data a web-
site can adequately plan and anticipate product demand. The benefits
of such analysis may take the form of reduced overhead and the
prompt delivery of its products and services. Seasonal trends can be
anticipated and incorporated into how a site stocks its inventory,
whether it be books, CDs, or software. Analysis of the demographics
of its customers can provide the retailer vital clues about who is buy-
ing what, when, and why.

Because of the rapid nature of electronic commerce, retailers must
be prepared to move quickly to meet the needs of its online cus-
tomers. The flexibility of online retailing allows merchants to moni-
tor sales and quickly adjust pricing and availability of products and
services. Data mining of retail information, whether in the form of
bar code data or server databases, can reveal important trends and
patterns that can affect all aspects of production including shipping,
marketing, inventory, and sales.

Compiling an Identity

The key to knowing who will buy, what is selling, and how to sell resides
in the transactional and customer data generated from a retailing site,
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and the key to compiling and capturing this shopper information starts
with the establishment of a unique identifier: a visitor ID number, or
key. This key is needed to associate all of these components into a sin-
gle record for each visitor. Once linked, this single record string can be
used to link to additional customer information from your data ware-
house, or appended with external household and demographic infor-
mation from commercial data reseller. As this visitor profile is built
multiple analyses can be performed.

A proven strategy for assigning keys to your visitors is to have
them register initially at your site by providing them a special service
or incentive or by offering access to a special section in your site.
Another strategy is to hold periodic contests or door prizes for which
you ask visitors to “register to win.” When they register, you may set
a cookie that can be used as the unique ID number. From that point
on, the unique key can enable you to track every interaction with that
visitor. The key will also allow you to link the information from your
server log files, cookies, and forms with your data warehouse and
other demographic and household information.

Server log files provide domains, time of access, keywords, search
engine used:

= i 13:04.9, “furby”, excite, id344,384 etc.
id344,384

Cookies dispensed from the server track browser visits and pages
viewed:

@ id344,384, visit_3, prod22.htm, etc.
id344,384

Forms capture important visitor personal information, such as gen-
der, age, or ZIP code:

<) id344,384, male, 35, 94551, etc.
id344,384

Demographic and household data can be appended, such as total
sales or annual income:
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- ' id344,384, excite, prod22.htm, male, 35,
94551, total_sales_$350, $75k_income,
SUV, 2_children, etc.

id344,384

The above string can take the form of an Oracle table or a flat-file,
comma-delimited text file, which can be linked or imported into your
data mining tool of choice.

The Architecture for Analysis

The analysis you perform can setve as a feedback system to your
retailing site, which can impact your site design, sales, inventory, and
marketing teams. Data mining of your customer information can
address such issues as:

s Who is buying: Customer profiles, who purchases what items and
at what rates.

s What is selling: Adjust inventory, plan your orders, shipping, and
inventory.

s How to sell: What incentives, offers, and ads work, and what site
design and style are most successful.

Data mining reports take various formats, including the delivery
of reports, statistical models, graphics, maps, SQL syntax, and/or C
code containing the weights for prediction of online visitor behav-
ior. These analyses will be iterative in nature due in part to the
dynamic nature of the website and the traffic patterns it is designed
to model.

Access to data for analysis can be made either in the format of a
flat ASCII file or by invoking ODBC drivers. Depending on the type
of tool you are using, data can be extracted directly from existing
tables on your server (or servers). Most high-end data mining tools
support access to databases such as Informix, Ingress, Oracle, and
Sybase. If a flat-file format is chosen, a fixed-length or a delimited
character file must be specified. Comma-delimited files are the most
compact and should be used when space is a concern. Most tools will
convert the data they import into a proprietary structure of their
own, which is then used for the actual views and analyses. In most
instances, your data mining analysis will need to be performed in a
dedicated server or data mart.
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Personalized Future

Today you can personalize every major “portal” you use to access the
Web. This means that “the Web” is now “my Web,” allowing you to
tailor all types of information streams into your own customized
news, weather, market, and stock reports. However, in exchange for
your own unique view of the world, most of these portals (such as
major search engines, online directories, and large content providers)
require some personal information from you. They typically require
you to complete a short form—which in turn provides some useful
data to the portal that can be mined, allowing for a more targeted and
proactive dialog between the website and you. This information, cou-
pled with the topics you select and the “keywords” that you use over
time, can be mined for purposes of creating a profile of you. This pro-
file can be used, among other things, to suggest new sites; provide
timely recommendations on products and services; and favorably
position certain ads, banners, and buttons that are more likely to get
a response from you. Gradually, users are becoming accustomed to
getting timely and accurate product recommendations based on their
preferences and personalized features—features that can quickly be
discovered by mining the data from these portal registration forms.

The Web provides an extensive and prevalent choice of options,
which has spawned an audience of very savvy and knowledgeable cus-
tomers. Today, it is easy to accumulate a vast amount of product
information and comparative data. In a customer-centric environ-
ment such as the Web, the customer is not only always right, she is
also very well informed. To stay competitive in such an environment
your website must establish a relationship with your customers. The
data that you gather from them must not only be protected, it must
be strategically used. Even inactive data must be converted into
actionable intelligence via data mining.

The increased availability of choice has also eroded brand loyalty.
For example, if a portal does not provide a user with the type of con-
tent that interests him, he will, with a click of the mouse, switch to a
competitor who will. To succeed in such an environment you need to
personalize your site, and in doing so you can benefit from better cus-
tomer loyalty, lower marketing costs, and a competitive advantage.
The advantage comes through the relationships established between
your site and your online customers.

You must attend to your web customers’ needs by making it con-
venient for them to gain a substantial benefit for doing business with
you by customizing your products and services to meet their unique
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, Figure 1-25
Data mining can
involve many
different enter- |~
prise profession- |-
als, processes,
and sources. | Date Mindug Serven
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needs. When a customer takes the time to complete a form about
them, they have just invested time and effort into building a business
relation with your website. To gain the most benefit from that cus-
tomer information you must mine the data.

As previously discussed, one way of maximizing the benefit of that
information is by the integration of your website with your data
warehouse of other customer information file. (See Figure 1-25.)
This allows you to mine interactions on an individual basis and to
construct customer profiles. Your website and its various compo-
nents, such as forums, chat, and e-mail, allow you to learn from your
customers and to engage in an interactive dialog, which in turn leads
to the personalization of your site.

The personalization of your customers’ websites requires that you
gather information from your customers and store it in a database for
mining. This increases your chances of becoming indispensable to
your clients, and it also encourages customer retention with each
transaction. Personalization requires that your website customers and
visitors have the ability to create, modify, control, and delete their pro-
files. The benefits of this interaction, however, is that over time (1) it
will cost you less to market to these web customers, and (2) their pur-
chases will surpass the initial expenses of personalizing your website.
You will be able to calculate their value based on the duration of their
relationship with your site and the amount of money they spend with
you or the number of transactions they have with you.

Personalization empowers web visitors and customers to dictate
what information they want and in what format and at what intervals.
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It allows them to construct their own profiles and to control the dura-
tion of their relation with your company. The Web has accelerated the
marketplace by increasing the availability of options to the consumer.
To deliver personalized services at your website you need to mine your
data to discover customer segments and then specific individual pro-
files. To what extent you personalize your site via data mining is really
dependent on your budget and resources.

General Segmented Relational
Mass Communication =~ Demographic One-to-One E-mail
No Targeting . Content Targeting " Specific Targeting
No Date Mining Mining by Decision Mining by Neural
Tree Network
No Web Data Analysis Log and Form Analysis Cookie and Profiling
Analysis

5

Nonintrusive, yet responsive personalized service is or will
become the norm on the Web. Customers will appreciate being able
to search and find the products, service, and information they want
when they need it at the lowest possible price. Commercial websites
will have to integrate themselves with their company inventory data-
bases in order to come up with the proper product requests unique to
that customer’s profile. This integration will also allow for additional
cross-selling recommendations based on data mining analysis. For
example, if a data mining analysis using a clustering network discov-
ers a propensity for certain individuals with matching demographics
to like a specific product, you may want to make a product recom-
mendation to that customer based on that match.

Analysis of customer transactions and personal information
should be scheduled and performed on a regular basis. Keep in mind
that personal customer information is cumulative and should not be
requested all in one session. It should be requested when you are
going to use it to personalize your service. For example, don’t ask for
an e-mail address unless you plan to use it immediately for some sort
of notification. Gradually, as the customer returns to your site to
make more purchases, you should collect more data regarding each
transaction so that your interactions are more targeted and based on
accumulated data you have mined from prior visits. Personalization is
about using information accumulated through your relationship with
customers and mining the data in order to deliver a better shopping
experience for them.
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The current explosion in web databases has resulted in a growing
glut of customer data. Your company’s ability to strategically deal
with these terabytes of web data will depend on your effective use of
data mining technology, which can offer new insights and improve
your firm’s ability to deal with the personalization of the Web. To stay
competitive, you need to actively monitor your online transactional
trends within your web data in order to target and nurture your most
loyal and profitable customers. If you are successful in obtaining cus-
tomer information you need to immediately put it to use in order for
them to return to your website again and again. After all, the mining
of your website is simply about being able to see, talk, and relate with
your online customers.

Why Bother?

Data mining, whether in the physical or virtual marketplace, has
always been much more than the mere use of software tools. It is a
business process designed to extract actionable intelligence for prod-
uct and financial analysis sales, marketing support, and customer seg-
mentation. It is about knowledge discovery for a strategic, tangible,
competitive business advantage. Now more than ever this actionable
insight comes from the highly dynamic data a firm daily gathers from
its online customer information file: its website.

Through the mining of its website data and the discovery of the
distinguishing features of its visitors, a company can provide them
with the type of information, product, and services they are most
likely to want. The mining of website data can also assist in the over-
all design and direction that site will evolve into over time. The
process of mining, modification, marketing, and evolution of a web-
site as it changes to meet the demands of its visitors and customers is
almost organic in nature. As with some of the data mining tools
rooted in the evolutionary concepts of computing, the purpose for
data mining your website data is to recognize and learn from your vis-
itors, so that you may serve them better than your competitors.

As websites increasingly become the first point of contact between
a company and its current and future customers, the mining of web-
site data is becoming a critical method by which to attract and retain
visitors. This is especially true in a marketplace with millions of web-
sites—all competing for the attentions and dollars of millions of
browsers and shoppers. As with the physical retailers, telcos, banks,
and credit card companies, the mining of web server data is driven by
the competition in the marketplace and the need to know or predict
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the behavior of consumers. More than anything the Web has precip-
itated the trend of one-to-one marketing of which data mining is an
important component.

At around the time I was having my e-mail dialog with the search
engine company, I had also been involved in preliminary discussions
with an insurance company about the mining of their call site data. It
occurred to me then that as more and more individuals had started to
use the Web on a daily basis, their interactions with this insurance firm,
like that with that of other retailers and service providers, were chang-
ing from phoning their call site to directly interacting with their web-
site. The transactional data that I commonly mine for these companies
is today rapidly migrating to their websites, where it is often faster to
place or check on the status of an order, make a reservation, or get the
information a customer traditionally deals with through intermediates,
whether independent agents or their call site employees.

Clearly the future of electronic retailing pivots around positioning
the “right” web content, products, and services to attract and retain
customers; an electronic commerce future in which the number of
businesses conducting online transactions is expected to exceed hun-
dreds of thousands; a marketplace where the number of consumers
buying over the Web will exceed 100 million and the projected num-
ber of sales will go from a few to hundreds of billions; where in the
ebb and flow of these online transactions gradual patterns will evolve
from which electronic retailers will be able to mine and discover their
customer tendencies, preferences, features, and behavior. The future
of electronic retailing hinges on the strategic use of data mining tech-
nology for providing prompt personalized services and products—
where the sales clerk will likely be an Al
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It's about Predators and Patterns

Data mining is a “hot” new technology about one of the oldest
processes of human endeavor: pattern recognition. Our hairy ances-
tors relied on their ability to recognize the patterns of predators,
paths, prey, and the seasons to survive. Today, companies inundated
with data that is daily generated with every customer transaction,
web hit, bar scan, credit card swipe, and phone call are faced with the
same challenge of recognizing the patterns of opportunity and threat
to their survival. Throw in the real-time, hyper-competitive, net-
worked business environment that is the Web, and you will see why
the ability to decipher these patterns is fast becoming a critical factor
to a company.

For example, let’s say you are a retailer of hot pepper sauces on
the Web. A data mining tool can discover the following rule—which
is actually an important ratio—or insight about your customers’ iden-
tity and purchasing patterns:

IF Visitor Sub-Domain is AOL

AND Visitor Gender is MALE

AND Visitor Age is 37-42

AND Visitor is from ZIP Code “High Rise Renter” 78-85%
THEN Visitor Will Purchase Score = 81%

You can benefit from data mining even if you don’t sell habaneros
online. Whether you provide a service or a product, data mining
can assist you in discovering previously unknown patterns or fea-
tures about your website visitor, your online customers, and your
relationship with them. By recognizing who your customers are you
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 Just as a forensic investigator s able

can begin to establish a stronger relationship with them, which in
the long run will enhance your chances of retaining them over their
consumer life.

Data mining differs from other data analysis methods in a funda-
mental way: it discovers hidden structures, ratios, patterns, and sig-
natures. Data mining is uniquely dynamic in that you don’t need to
prepare queries or set out to resolve a particular problem before you
mine. Data mining retrieves relationships and enables “drill-up”
analysis based on them. For example, your discovery in the hot sauce
sample may lead you to do subsequent queries for website visitors
with the same consumer class “High Rise Renters” or age bracket.

- Interactions. Customer profiles ‘and

- to approximate the weight and

height'of a perpetrator from a single
.. footprint on a beach, so can your .
~company “calibrate the value and

‘unique features of your most: loyal

-"and profitable ‘website visitors and
' customers. How?: Through a careful .
“:analysis of the clues in the patterns

‘k;prospect composites are provided to.
-you every day with every visit to.

your site. The ‘clues to identifying .

‘profitable visitors and’potentialnew. -
.clients are contained in the data gen- .

erated’ from your log, cookie, -and
registration- forms. The -tools and

_techniques for uncovering them are

- evolving from your ' daily website . in data mining technology.

A Definition

Data mining is the process of discovering actionable and meaningful
patterns, profiles, and trends by sifting through your (website’s) data
using pattern recognition technologies such as neural networks and
machine-learning and genetic algorithms. It is an iterative process of
extracting patterns from online business transactions—everything
from clickthroughs of your banner ad to requests for e-mail informa-
tion and form registrations—for purposes of improving your website
company’s bottom line. Data mining is the automatic discovery of
usable knowledge from your stored server data and leveraging pat-
tern recognition technology toward answering such business ques-
tions as:

Who are my most profitable online customers?
How do I increase my online market share?
How do I optimize my online inventory?

Who are my website visitors?
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Drowning in Data

Data storage is getting cheaper while at the same time the amount of
data is exploding. The United Nations 1996 Population Report esti-
mated the world population growth to be about 3.1 percent per year.
In contrast, the estimated disk storage is growing at about 130 per-
cent per year, as reported by the information technology research
group the International Data Corporation (IDC). All of these figures
and projections are of course exclusive of the Web and the new data
it is generating every second of the day with thousands of new web-
sites going online.

Information flows into your company’s website every day—infor-
mation about your visitors and potential future customers. So much
information is coming in that the average business uses only about 7
percent of the data they keep. Still another marketing research firm,
the Gartner Group, estimates that only 2 percent of the existing
online data is currently being analyzed, a percentage which is rapidly
falling toward zero as storage more than doubles each year.
Meanwhile the growth of the Internet, websites, and electronic com-
merce is also expected to continue its growth over the next few years.
Further, Figure 2-1 shows Emerging Technologies Research Group
estimates that Internet usage from all types of methods of access will
continue to increase into the next century. Forrester Research, Inc.
estimates e-commerce will reach $3.2 trillion in 2003.

Figure 2-1

The growth of
the Web contin-
ues to increase.
Courtesy of
Emerging
Technologies
Research Group.

Internet Household Forecast
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Figure 2-2 Wordwide Internet Commerce Revenues:
Projected Business and Consumer Segments, 1996-2002
growth for EC. 800
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This growth is expected to be even more dramatic as electronic
commerce increases in business-to-business transactions. (See Figure
2~2.) Given such a scenario, the only way to address this gross under-
utilization of stored data is through advanced methods of analysis and
pattern recognition. These new approaches are the foundation of the
technologies incorporated in today’s data mining tools.

During the last decade, the capabilities to both generate and collect
data have grown enormously. For example, a retailer such as Wal-Mart
needs to make daily updates of over a million transactions to its data
warehouse for inventory analysis. With the advent of the Web, millions
of new transactions are now occurring around the clock worldwide.
One search engine is looking at analyzing between 25 and 75 million
transactions every day! (Some of the first applications of data mining
technology, such as Autoclass, originated with NASA. Why? Consider
having to perform pattern recognition analysis on their Earth
Observing System, which generates over 50 gigabytes of data per hour.)

Today the current rates of transactions, due in part to low storage
costs, have flooded both forms databases and website servers and gen-
erated an urgent need for new tools that can intelligently assist in the
‘analysis of this expanding ocean of data. For a company, data mining
offers a solution to this problem by automating the search for relevant
website visitors and online customer attributes. More importantly,
data mining has the advantage of being totally unbiased and nonlinear
in its approach to developing predictive models. Manual methods of
data analysis, such as those of query tools, statistical programs, or
website traffic reports, simply cannot keep pace with the explosive
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growth of online data. Hypothesis-based methods of data analyses are
very time-consuming, while current website analysis tools are very
limited in discovering the features of site visitors and customers.

The Complexity of Loyalty

The most valuable assets a website has are its customers—especially
loyal customers, who return again and again over a period of time.
The value of customers can be measured according to their lifetime
value (LTV), i.e., the duration of their relationship with a site and the
amount of money they spend during that time. As electronic retailing
has evolved, sites have begun to find it profitable to group their clients
into LTV classes with unique marketing needs. The retailer can then
tailor its marketing activities according to different customer objec-
tives and their potential worth to their site. The more loyal, and prof-
itable, a client is, the more perks and incentives he/she is provided.

Distilling the value of customers involves in-depth market
research and analysis. In a forms database with thousands of records
and hundreds of attributes, how do you determine the demographic
and psychographic attributes that distinguish valuable visitors from
less profitable ones? At what point do you differentiate between
“high” and “premium” customers? How do you find hidden groups
of new users, brand switchers, dormants, upgraders, recent win-
backs, and all the other clusters of customer classes? In short, how do
you measure loyalty? The answer is in data mining.

A company’s customer database can have hundreds of fields record-
ing different types of interactions both offline and online culled from
various contact points including a firm’s website:

Data Field Customer Attribute
Field 1 Account start date
Field 2 Number of purchases
Field 3 ZIP code

Field 798 Total number of visits
Field 799 Average length of visits
Field 800 Monthly access rate

In order to construct a customer loyalty model, you must discover
two key items in the data: the significant attributes and intervals,
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which identify a pattern or signature of customers who have been
retained by the company. This can involve combining attributes of
existing customers and new website visitors who have recently signed
on with a website. Through this process a “signature” of potentially
highly loyal and profitable new clients can be discovered. These new
customers may be targeted for high incentives and special offers.

The first goal of this analysis is to discover the attributes that are
the most important signals in identifying those clients likely to be the
most profitable: Is it the ZIP code they reside in, or maybe their estab-
lishment account date? Is it their monthly access rate, or their age or
gender? Or is it a combination of factors, and if it is, which attributes?

The second question that needs to be answered from the data is
that of ranges or intervals. For example, after what establishment
account date is a customer likely to not defect? Or what range of ZIP
codes? Or what website access rate signals a “highly loyal” or prof-
itable customer? Now, theoretically you could go about discovering
these attributes and ranges manually; however, it would take you
weeks of trial and error, rather than hours to discover the answers
that can be achieved using a data mining tool incorporating a
machine-learning algorithm or a neural network. Again, as the num-
bers of data attributes increase, so does the complexity of the prob-
lem, making data mining the clear alternative to fast and effective
analysis for an electronic retailer.

Measuring loyalty, however, is difficult, especially on the Web,
where the complexity of data analysis is compounded by the dynamic
of time. If you are in a market where it costs little for a customer to
switch products or services, such as financial services, telecommuni-
cations, or retail, then you know you are in a hyper-competitive mar-
ket. Likewise it is so on the Internet, where it costs little for a visitor
or customer to click away from your website and over to your com-
petitor. Data mining provides an electronic retailer many benefits in
such a competitive online environment. Firms in highly saturated
markets like retailing and financial services are dependent on using
their data to drive their business decisions. They depend on their data
to retain their customers, expand their market share, and to differen-
tiate themselves from their rivals. Likewise this is so on the Web,
where competition is fierce and loyalty is ephemeral.

Traditional Data Mining Applications

A recent META Group survey revealed that Fortune 500 firms were
using data mining for three general purposes: 64 percent for strate-
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gic planning, 49 percent for competitive intelligence, and 46 percent
to increase their market share. A study by this research group
entitled Data Mining: Trends, Technology, and Implementation
Imperatives (1998) forecasted a growth in the area of data mining
driven by database marketing. It cites such applications as customer
retention and churn management; cross-selling and up-selling; cam-
paign management; market, channel and pricing analysis; and cus-
tomer. segmentation analysis. The study warns, “The competitive
advantage enjoyed by the technology elite that deployed data mining
-early on is certain to dissipate through the Year 2000. Driven by the
need for customer-centric marketing, data mining technology is
rapidly becoming mainstream. Information technology and market-
ing departments that don’t stay on top of this trend will wake up to
discover that their competitors have beaten them to the punch.” The
report goes on to state that data mining “provides companies
extremely valuable insight that has, to date, been closely guarded as
corporate stealth technology to protect competitive advantage.” So
far, the following have been the traditional applications of data min-
ing technology by industry sectors:

Retailers Database marketing, advertising effective-
ness, inventory and category management.

Banking and Insurance Financial modeling, fraud detection, market
and industry profiling, database marketing,
customer segmentation.

§6kerage/5tock Exchange Financial modeling, fraud detection.

Telecommunication Call detail record analysis, optimal use of
capital equipment, targeted marketing.

Government Collections, workload selection, fraud detec-
tion, logistics, and intelligence gathering.

Manufacturing Production quality control, supply-chain and
inventory control.

The study fails to examine the potential growth of data mining in
the area of electronic retailing. Customer-centric marketing requires
sophisticated data mining applications because it seeks to better
understand customers in their totality, including their buying pat-
terns, demographic, and psychographic trends, and other types of
customer knowledge. Such marketing will clearly accelerate with the
advent of electronic commerce and the dynamic and explosive
growth of Internet-generated databases.
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New Data Mining Applications

In a web-centric networked environment, data mining is able to
deliver new decision-support applications in two areas. First, data
mining can be used to perform analysis on Internet-generated data
from a website, which is what this book is about. And second, the
technology can be used to monitor and detect the signature of net-
work anomalies and potential problems before they happen.

One way of defining what data mining is about is to contrast it with
more traditional methods of data analysis, such as statistics, Online
Analytical Processing (OLAP), visualization, and web traffic analysis
tools. We will now examine these various methods of data analysis and
show that they are not exclusive of each other but are instead com-
plementary, each contributing to the insight of your website visitors
and customers and the effectiveness of your online presence.

Statistics

For centuries, man has been looking at the world and gathering data in
an attempt to explain natural phenomena. People have been manually
analyzing data in their search for explanations and patterns. The sci-
ence of statistics originated as a way of making sense out of these obser-
vations. Traditional statistics have developed over time to help

~ scientists, engineers, psychologists, and business analysts make sense of
the data they generate and collect. Descriptive statistics, for example,
provide general information about these observations, such as the aver-
age and median values, the observed errors, and the distribution of
values. Another form of statistics is regression analysis, which is a tech-
nique used to interpolate and extrapolate these observations in an
effort to make some intelligent predictions about the future.

Insurance and financial services companies were some of the first
to try and predict customer behavior and to do risk analysis. Banks
and insurers have typically used regression models to rank their cus-
tomers’ overall value or risk, all of which are attempts to fit a line to
an observed phenomenon. SAS has built an empire by providing a
host of enterprise-wide statistical applications to the financial services
market sector. Fair Isaac, a modeling company, provides a wide
assortment of services using statistics in the areas of behavior and
their FICO credit scoring for financial services firms and other com-
panies that do not do in-house analysis. Claritas provides demo-
graphic data to financial service firms designed to help them estiniate
sales potential of customers and segment markets by age, income,
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etc.; it sells its PSYCLE demographic data to financial companies,
which allows them to differentiate households in terms of expected
financial behavior.

This kind of statistical data analysis involves analysts who formu-
late a theory about a possible relation in a database and then convert
this hypothesis into a query; it is a manual, user-driven, top-down
approach to data analysis. In statistics, you usually begin the process
of data analysis with a hypothesis about the relation in the data,
which is the reverse of how data mining works. Some of the most
popular statistical tools include the following:

Data Desk uses animation to help you see patterns you might miss in
a static display. For example, you can easily link a sliding control
to any part of an equation and see the effects of sliding the value
as display update. Data Desk automatically makes sliders to help
you find optimal transformations of variables, to learn about the
sensitivity of analyses to small shifts in variables, and to assess the
sensitivity of nonlinear regressions. You can easily build your own
animations.

MATLAB is a powerful integrated technical computing environment
that combines numeric computation, advanced graphics and visu-
alization, and a high-level programming language.

SAS is a modular, integrated, hardware-independent statistical and visu-
alization system of software for enterprise-wide information delivery.
SAS recently recognized the benefits of data mining and is now offer-
ing Enterprise Miner a data mining add-on module to its base system.

S-Plus is the commercial version of “S,” an interactive, object-
oriented programming language for data analysis developed by
AT&T Bell Labs. It is supported and marketed by MathSoft. S/S-
Plus has proved to be a useful platform for both general-purpose
data analysis including clustering, classification, summarization,
visualization, regression, and CART.

SPSS is a powerful, easy-to-use, easy-to-learn statistical package for
business or research. It features most of the standard statistics,

~ along with high-resolution graphics with reporting and distribut-
ing capabilities. SPSS also recognized the importance of data min-
ing when it purchased Clementine, a data mining tool from ISL
(Integrated Solutions Limited).

STATlab is an exploratory data analysis software for drilling down
into data and performing a multitude of analyses. STATlab can
import data from common formats such as relational databases,
ASCII files, popular spreadsheets, and most of the popular statis-
tical data systems.
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Data Mining vs. Statistics

The deciding distinction between statistics and data mining is the
direction of the query: In data mining, the interrogation of the data
is done by the machine-learning algorithm or neural network, rather
than by the statistician or business analyst. In other words, data min-
ing is data-driven, rather than user-driven or verification-driven, as it
is with most statistical analyses. Statistical manual factorial and mul-
tivariate analyses of variance may be performed in order to identify
the relationships of factors influencing the outcome of product sales
using such tools as SPSS or SAS. Pearson’s correlation may be gener-
ated for every field in a database to measure the strength and direc-
tion of their relationship to some dependent variable, like total sales.

A skilled SAS statistician conversant with that system’s PROC syn-
tax can perform that type of analysis rather quickly. However, one of
the problems with this approach, aside from the fact that it is very
resource-intensive, is that the techniques tend to focus on tasks in
which all the attributes have continuous or ordinal values. Many of
them are also parametric; for instance, a linear classifier assumes that
class can be expressed as a linear combination of the attribute values.
Statistical methodology assumes a bell-shaped normal distribution of
data—which in the real world of business and Internet databases sim-
ply is nonexistent and too costly to accommodate. However, these
statistical tool vendors are well aware of these shortcomings; as both
SPSS and SAS are now making available new data mining modules
and add-ons to their main products.

Data mining also has major advantages over statistics when the
scale of databases increase in size, simply because manual
approaches to data analysis are rendered impractical. For example,
suppose there are 100 attributes in a database to choose from, of
which you don’t know which are significant. With even this small
problem there are 100 X 99 = 9,900 combinations of attributes to
consider, If there are three classes, such as high, medium, and low,
there are now 100 x 99 x 98 = 970,200 possible combinations. If
there are 800 attributes, such as in our large website bookseller cus-
tomer database ... well, you get the picture. Consider analyzing mil-
lions of transactions on a daily basis, as is the case with a large
electronic retailing site, and it quickly becomes apparent that the
manual approach to pattern-recognition simply does not scale to the
task. Data mining, rather than hindering the traditional statistical
approach to data analysis and knowledge discovery, extends it by
allowing the automated examination of large numbers of hypotheses
and the segmentation of very large databases.
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Online Analytical Processing

OLAP tools are descendants of query generation packages, which are
in turn descendants of mainframe batch report programs. They, like
their ancestors, are designed to answer top-down queries from the
data or draw “what if” scenarios for business analysts. Recently,
OLAP tools have grown very popular as the primary methods of
accessing company database, datamarts, and data warchouses.

OLAP tools were designed to get data analysts out of the custom-
report-writing business and into the “cube construction” business.
The OLAP data structure is similar to a Rubik’s Cube of data that an
analyst can twist and twirl in different ways to work through multi-
ple reports and “what-would-happen™ scenarios. OLAP tools primar-
ily provide multidimensional data analysis—that is, they allow data to
be broken down and summarized by product line and marketing
region. The basic difference between OLAP and data mining is that
OLAP is about aggregates, while data mining is about ratios. OLAP is
addition while data mining is division.

OLAP deals with facts or dimensions typically containing trans-
actional data relating to a firm’s products, locations, and times.
Each dimension also can contain some hierarchy. For example, the
time dimension may drill down from year, to quarter, to month,
and even to weeks and days. A geographical dimension may drill
up from city, to state, to region, to country, and even to hemi-
sphere, if necessary. For example, Widget A, by Western Region, by
Month of November, which can be further “drilled” by Blue
Widgets A, by San Jose, by November 10, and so on. The data in
these dimensions, called measures, is generally aggregated (for
example, total or average sales in dollars or units, or budget dol-
lars or sales-forecast numbers).

Many organizations have been in existence for some time and have
accumulated considerable quantities of data that could be useful for
business planning. Historical trends and future projections could be
used to analyze business alternatives and make more informed deci-
sions that could gain or maintain a competitive advantage. During the
last decade, data warehouses have become common in large corpora-
tions, many of which use OLAP tools for reports and decision support.
These OLAP applications span a variety of organizational functions.
Finance departments use OLAP for applications such as budgeting,
activity-based costing (allocations), financial performance analysis, and
financial modeling. Sales analysis and forecasting are two of the OLAP
applications found in sales departments. Among other applications,
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marketing departments use OLAP for market research analysis, sales
forecasting, promotion analysis, customer analysis, and market/cus-
tomer segmentation. Typical manufacturing OLAP applications include
production planning and defect analysis. The following are some of the
current OLAP tools in the market:

‘;Current OLAP Tools

- ActiveOLAP, - Analyzer Apeno, :
= Acuity/ES, Acumate :ES, Advance for:
*‘Windows; ' amis, Arbor Essbasej
~"Analysis Server BnoQuery, Business ..
‘ Objects CommanderOLAP Decision, - ©
* Prism,  Control, CrossTarget Crystal.

~Info: for Essbase, Cube- -It, FICS

‘ ;Group, datadriller, OpenAir Software,
“ne., Dataman DataTracker, dbProbe, -

“DecmonSulte DecisionView, Delta
“Solutions ALEA ‘Démon for Windows,

. DSS  Agent, DynamicCube.OCX,
- EKS/Empower, -Essbase/400, Express -’

Planner Gentla Hany Cube7 Helm

“ Holos, Hyperion OLAP, InfoBeacoh,
“Informer, inSight, Intelligent Decision .-
‘Server, 1Q/Vision, Khalix, Lightship,

Matryx ‘Media; Metacube, MIK-

.-Solution, N\meShare. MIT/400, MUSE,
_‘NetCube NGS-IQ, OpenOLAP, Pablo, .

ParaScope ‘PowerPlay, Rapld OLAP, -

‘Sagent - Datamart . Solution, - SAS -
- System, SpaceOLAP StarTrieve The
' 'Ant Colony, TM/1,. Toto: for Excel,

Track Objects Visualizer Plans for .
- 08/2, VSFLEX ; ;

- Server, Objects Fiscal, Fusion, FYI

Data Mining vs. OLAP

With the proliferation of data warehouses, new data mining tools are
flooding the market offering to discover hidden gold in your data.
Many traditional report and query tools and statistical analysis sys-
tems are using the term “data mining” in their product descriptions.
In the midst of this marketing activity it is sometimes difficult to
know what a data mining tool is and how it works. Perhaps a defini-
tion would help in clearing the confusion.

The methodology of data mining involves the extraction of hid-
den predictive information from large databases. However, with such
a broad definition as this, an online analytical processing OLAP prod-
uct could be said to qualify as a data mining tool. That is where the
technology comes in, because for true knowledge discovery to take
place, a data mining tool should arrive at this hidden information
automatically.

Still another difference between OLAP and data mining is how
they operate on the data. Similar to the direction of statistics, OLAP
is a top-down approach to data analysis. OLAP tools are powerful
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and fast tools for reporting on data, in contrast to data mining tools
that focus on finding patterns in data. For example, OLAP involves
the summation of multiple databases into highly complex tables;
OLAP tools deal with aggregates and are basically concerned with
addition and the summation of numeric values, such as dollar
amounts or cash. Manual OLAP may be based on need-to-know facts,
such as regional sales reports stratified by type of businesses, while
automatic data mining is based on the need to discover what factors
are influencing these sales.

An OLAP tool is not a data mining tool since the query originates
with the user. Neural networks, machine-learning, and genetic algo-
rithms, on the other hand, do qualify as true automatic data mining
tools because they autonomously interrogate the data for patterns.
This is known as supervised learning, while another less common
form of data mining is called “clustering” or unsupervised learning. In
both instances, however, the bottom-up approach to data analysis dis-
tinguishes data mining from OLAP.

The current crop of OLAP tools have tremendous capabilities for
performing sophisticated user-driven queries, but they are limited in
their capability to discover hidden trends and patterns in a database.
Statistical tools can provide excellent features for describing and visu-
alizing large chunks of data, as well as performing verification-driven
data analysis. Autonomous data mining tools, however, based on arti-
ficial intelligence (Al) technologies, are the only tools designed to
automate the process of knowledge discovery—and to optimize this
with their “built-for-business” features:

= Robustness for handling any kind of data: noisy, missing, mixed
»  Exportable solutions in the form of practical business rules

»  Easy to understand results via graphical decision trees

m  Accurate results, especially with real-world data sets

Data mining by this definition is thus data-driven, not user-driven
or verification-driven.

Traditionally, the goal of identifying and utilizing information hid-
den in data has been achieved through the use of query generators
and data interpretation systems. This involves a user forming a theory
about a possible relation in a database and converting this hypothesis
into a query. For example, a user might have a hypothesis about the
relationship between the sales of color printers to business customers.
A query would be generated against the user’s data warechouse or
website inventory database and segmented into a report by client
accounts using Standard Industry Codes and quarterly sales.
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Certainly the information generated will provide a good
overview on the relationship, if any, between types of businesses and
sales of printers. However, this verification type of data mining is
limited in several ways. First, it is based on a hunch—that there is a
relationship between the industry a company is in and the number of
printers it buys or leases. Second, the quality of the extracted infor-
mation is based on the user’s interpretation of the results and is thus
subject to error.

In another example, an OLAP tool can tell a bookseller about the
total number of books it sold for a region during a quarter. Data min-
ing, on the other hand, can tell it about the factors influencing the
sales of the books. A typical OLAP report is an aggregate count from
several tables:

Category Amount Percentage Variance from Budget
Product Sales

Fiction 1,847,743.00 2.13%

Nonfiction 606,735.00 2.03%

Periodicals 807,987.00 0.19%

Accessories 532,585.00 1.77%

Total Sales 3,262,465.00 1.76%

Margin 2,189,687.00 1.64%

Total Expenses 1,262,312.00 2.04%

Profit 927,375.00 1.07%

Thus, OLAP can tell you about.the total number of books sold for
this region during this quarter. Data mining can tell you about the
patterns of book sales, while statistics can provide another dimension
about these sales. Online analytical processing and statistics provide
top-down, query-driven analysis, while data mining provides bottom-
up, discovery-driven analysis. Data mining requires no assumptions.
Rather, it identifies facts or conclusions based on patterns discovered.

Website Analysis Tools

With a firm’s website increasingly becoming the first point of contact
between a potential client and that company, its importance has
increased. Today websites demand full-time design and maintenance
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teams and multimillion-dollar budgets. Management must know
who’s visiting and, more important, who is buying. In addition, com-
panies that place ads on a site want to gauge their effectiveness.
Websites today must earn their keep as business investments and, just
like any other marketing effort, they must justify themselves. That’s
where some of the current website analysis tools come in.

Every time you visit a site, the web server enters a valuable record
of that transaction in a log file. Every time you visit an electronic
commerce site, a cookie is issued to you for tracking what your inter-
ests are and what products or services you are purchasing; every time
you complete a form at a site, that information is written to a file.

Although these server log files and form-generated databases are
rich in information, the data is itself usually abbreviated and cryptic
in plain text format with comma delimiters, making it difficult and
time-consuming to mine them. The volume of information is also
overwhelming: A one-megabyte log file typically contains 4,000 to
5,000 page requests. Website analysis tools typically import the log-
file data into a built-in database, which in turn transforms the data
into aggregate reports or graphs.

This information can be fine-tuned to meet the needs of different
individuals in your firm. For example, a web administrator may want
to know about the clicks leading to documents and images, files,
scripts, and applets. A designer will want to know how visitors navi-
gate the site and whether there are paths or points from which many
visitors jump to another site. The marketing team will want to know
the effectiveness of certain promotions. Advertisers and partners may
be interested in the number of clickthroughs your website has gener-
ated to their sites. Most website analysis tools provide answers to
such questions as:

m  What are the most common paths to the most important pages on
your site?

m  What keywords bring the most traffic to your site from search

engines?

How long does it take visitors from Texas to view your homepage?

How many pages do visitors typically view on your website?

How may visitors are you getting from Europe or Asia?

How much time do visitors spend in your website?

How many new users visit your site every month?

Most tools provide graphical views of your website traffic via dif-
ferent criteria and, like statistical and OLAP tools, provide the same
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type of aggregate views of web-generated data. Figure 2-3 is 4 report
showing how many visits on a website by the hour in a day. A “visit”
is a series of clicks by the same user. Figure 2—4 is a website traffic
report showing the organizations or search engines that sent visitors
to this site most frequently. There must be referral information in the
log files for this report to be generated.

Obviously the more you know about how many people are visit-
ing your site, who they are, and what parts of your site they are using,
the better off your site will be. Using this information to improve
your site and relating it to other traditional marketing programs will
help you refine your overall website design. The average businesses
today spends anywhere from $25,000 a year for a standard intranet
site to $1.25 million for a full-featured website that supports elec-
tronic commerce, according to recent estimates from International
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Data Corporation. With costs such as these it is common for a justi-
fication of these expenditures to be made. One way of protecting
these huge investments is through the monitoring of web traffic.

The best—and sometimes only—way to glean that information in
a usable format is with traffic analysis and monitoring software. The
software runs the gamut in functionality and price, as tools range
from free to upward of $100,000. On the low end, basic packages
and downloadable utilities provide entry-level analysis for small- to
medium-volume sites and intranets. These packages can tell you such
information as how many visitors came to the site, the most- and
least-requested pages, where visitors entered and exited, and other
notable path analysis and historical trend data. High-volume web-
sites involved in electronic retailing most likely will opt for more
sophisticated high-dollar software that provides comprehensive
analysis of traffic flow as well as detailed information about each vis-
itor and their trek through the site. Knowing who enters—and who
buys your product—can be critical to the success or failure of your
electronic business.

“Log file analyzers” do as their name suggests—they take infor-
mation recorded by your server and summarize the data in an intelli-
gible format. Most analyzers compile data into a database from which
they can run reports; their speed is measured in terms of both load-
ing data into the database and compiling the report. Certain pro-
grams load in real time by “sniffing” every packet and stuffing the
database. Others load the log file into the database at off-peak times
specified by the administrator. Complex commerce sites may also
require analysis tools with the capabilities to conduct qualitative and
quantitative analysis of marketing and advertising data. If a company
runs an ad on three different websites, a tool should be able to com-
pare how many people were referred from each site, or which links
were most commonly selected.

Lastly, for sites with search capabilities, some web analysis tools
can report on which keywords visitors used, which sites have links
to you and provide the majority of users, and which search engines
provided the most valuable visitors. All of this information is read-
ily available from log files. Since the first action for most visitors
to a website is a search, it is sometimes very important to know
what they’re looking for. If you know that information along with
where they’re coming from, where they’re going, and how long
they will linger, then your site can truly become an effective mar-
keting engine. The following is a partial listing of some of these
web analysis tools, along with a discussion of some of their features
and limitations:
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Figure 2-5
This is a three-
dimensional
view of website
traffic for a sin-
gle month.

3Dstats is an Access Statistics Generator. It analyzes web server log
files and creates a Virtual Reality Markup Language (VRML)
model with the average loads by day and hour. With a VRML
viewer like CosmoPlayer, the user can “walk” through the statisti-
cal “scene” and examine the bar chart from different points of
view for daily, weekly, or monthly reports. See Figure 2-5.

Accrue Insight analyzes packets of information in real time (also
known as packet sniffing). Insight gauges performance according
to how fast a server responds to requests. It can collect and store
data on more than a million hits per hour, and the resulting data
is stored in the most granular form possible to allow for the widest
variety of sorting, analysis, and report-generation possibilities.
The product is especially good at tracking click streams through a
large commercial multi-server site.

Aquas Bazaar Analyzer is based entirely on Java, which means reports
can be viewed with any browser. With this analyzer, the log file
needn’t be transferred to the viewer’s machine to be massaged.
Reports are generated in your browser window, with graphs
appearing as customizable Java applets.

Aria uses agents to analyze real-time traffic right on the server and
generates real-time reports with plenty of information. The Aria
architecture consists of three parts: the monitor, the recorder,
and the reporter. The monitor takes the form of server agents
that intercept traffic from the web server; the recorder receives
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Mercury
Interactive’s
Astra
SiteManger
dynamically link
maps your web-
site activity.

and processes the data; and the reporter presents the informa-
tion in charts. The monitor module records information about
the activity between the web client and server, including request
data, form-field posted data, server-response data, cookie data,
and user-profile data. It stores the information in an object-ori-
ented database that comes with the software. No other database
is needed.

Astra checks and validates all of your site’s links and shows you any
access problems you may be having. Your site is turned into a
visual tree-diagram map, complete with links to- CGI scripts and
Java applets. Bad links are displayed as red points on the map for
quick access and repairs. You can use Astra SiteManager as a log
analysis tool: It reads your server’s log file and superimposes usage
patterns directly over your site map, showing you exactly which
pages are getting the most clicks. (See Figure 2-6.) Astra
SiteManager scans your entire site, highlighting functional areas
with color-coded links and URLs to give you a complete visual
map of your website.

Hit List Standard and Hit List Pro from Marketwave offers a wide
variety of 27 preconfigured reports that help you track your web
traffic. Hit List creates its own relational database of your server
logs instead of working directly from the logs themselves. All
reports can be redesigned through the design feature. Hit List
Standard tracks user paths to and through a site and tallies down-
load attempts. Hit List Pro can tell you the average number of
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pages that users coming from a certain site tend to view, and it can
parse search strings from other sites, such as Yahoo!, to determine
exactly why and how a user comes to your site. It also offers
extensive querying capabilities for clickthrough rates of specific
online advertisements.

Intersé offers tracking software with several standard report types
detailing hits, visitors, browser types, and traffic patterns. This
tool creates its reports from log files off-line, which is good if your
provider does not want your software on its network and if
monthly reporting is all you need. You can cross-reference data
from multiple websites or expand your usage analysis by integrat-
ing data from additional sources such as demographic and psy-
chographic registration forms.

net.Analysis Pro, by net.Genesis, offers marketing and technical
reports. It provides extensive path analysis and entry and exit page
reports, as well as some demographic information. net.Analysis
Pro not only reports top domains accessing the site and the most
popular geographical areas, but it correlates them into a single
report. This information is limited in value by large Internet set-
vice providers (ISPs), like EarthLink and FlashNet, that serve users
throughout the country.

Netlntellect is another log-file analysis tool. Through compression,
the NetIntellect database is as much as 95 percent smaller than
your original server logs. Compression is essential for reports
spanning weeks, months, or even years, because without it the
combined files get too large for processing. NetIntellect lets you
process more than one log file at a time, and it provides a feature
for comparing log files as well.

NetStats Pro has a query builder with which you can construct your
own customized log reports. You can filter whatever fields you
wish either into or out of the report (complete with multiple
Boolean expressions and time/date ranges). The program can ana-
lyze local log files or download files from your server machine
through FTP. The standard report includes details on the top three
domain extensions from which your visitors come, the files they
access, and the activity across the day and the week.

NetTracker is another Java-written analyzer. Users do not need to
download log files to their machines, nor do they need to run any
software besides their browsers.

PressVu is an log analysis tool for small peer websites running over

dedicated dial-up connections using Microsoft PWS on Windows
95 or NT Workstation. PressVu Desktop imports plain text source
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logs into an xBase file format database. The PressVu main inter-
face supports easy access to the InterNIC WHOIS database and
DNS hostname lookup.

SurfReport is a unique web traffic analysis tool in that it can generate
reports via e-mail or your browser. SurfReport runs on virtually
any platform and any operating system and is completely server-
based, allowing the generation of reports from anywhere on the

Web.

Webtrends lets you scan your server statistics almost immediately,
working in the background to compile the information it needs. It
doesn’t require lengthy initial importing of log files into its data-
base format, but instead creates its first reports on the fly as the
log files are being read in. WebTrends works primarily on server
log files, but it also allows you to capture cookie information,
referring sites, browser identity, and user details.

Website Analysis Tools vs. Data Mining Tools

Modern web analysis tools provide the same type of views of data as
statistical and OLAP tools. They emphasize aggregate counts and spa-
tial views of website traffic over time, which like statistical and OLAP
tools, are not easily able to discover hidden patterns without exten-
sive interactive queries.

Because of the massive amount of data that even the simplest log
file contains, the process of pattern recognition can be extremely dif-
ficult if not impossible with this generation of tools. As with statisti-
cal and OLAP tools, web analysis tools are verification-driven. They
operate from the top down rather than self-organize themselves
around the data via the use of a machine-learning algorithm or a
neural network. Like OLAP tools, web analysis tools are good at gen-
erating aggregate reports via several dimensions, which are important
to management, web administrators, and designers, who are limited
to measuring browser, not shopper activity.

Daily Totals for http://www.webminer.com/

Date Clients Hits Pages
Mon Oct 28 1999 196 1291 407
Tue Oct 29 1999 165 1092 330
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Period Totals for http://www.webminer.com/

Individual Clients Total Hits Page Hits
353 2383 737
Daily Averages for http://www.webminer.com/

Clients Hits Page Hits
181 1192 369

However, almost all web analysis tools lack the capability to iden-
tify important market segments from web-generated data. With the
exception of Aptex, which is really a text-analysis software product
incorporating neural network and proprietary modeling technology,
no web analysis tool does pattern recognition. (Aptex is developing
neural network predictive models to do “intelligent advertising” in
such sites as Netscape, Excite, and InfoSeek.)

Almost all of the current web analysis tools do very good and
innovative data reporting via tables, charts, graphs, and 3D VRML.
Several vendors, like Astra, are beginning to explore advanced forms
of visualization such as link analysis. Some, like NetTracker and
SurfReport, are taking advantage of the Web to deliver their results
via thin client browser by writing their reports tools in Java. Still
other firms are offering network services by which your website traf-
fic data is transferred to their servers, like I/PRO’s NetLine for third
party analysis and auditing.

Today’s advertising-funded websites rely on usage statistics like
TV networks rely on Nielsen rating points. Hit traffic counts, the tra-
ditional measure of a website’s effectiveness, is all but useless to
advertisers. Instead of counting the number of times a page is viewed,
they are more interested in tabulating every inline graphic, Common
Gateway Interface (CGI) script, and Java class resulted in a click-
through or sale. Advertisers need to know not only how many pages
are viewed, but also how many people visit their website. These mar-
keters need to know the demographics of their visitors, so they can
sell ads. For starters they want to know who is accessing the website
and where these visitors are coming from. Some of this information
is available from log files, like referral information, but some is not.
It is at this juncture that data mining tools and techniques can assist
the web marketer and electronic retailer.

A data mining tool does not replace a web analysis tool, but it does
give the web administrator a lot of additional possibilities for answer-
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ing some of the marketing and business questions. For example,
imagine trying to formulate answers to questions such as:

What is an optimal segmentation of my website visitors?
Who is likely to purchase my new online products and services?
What are the most important trends in my website visitors’ behavior?

What are the characteristics or features of my most loyal online
clients?

Theoretically, these questions could be answered with a web
analysis tool. For example, a web administrator could try to define
criteria for a customer profile and query the data to see whether they
work or not. In a process of trial and error, a marketer could gradu-
ally develop enough intuitions about the distinguishing features of its
predominant website customers, such as their gender, age, location,
income levels, etc. However, in a dynamic environment such as the
Web this type of analysis is very time-consuming and subject to bias
and error.

Manual processing in this fashion could take days or months to
find the optimal customer profile for this dynamic market segment
from a large retailing site. On the other hand, a data mining tool
(such as a decision tree generator) that incorporates machine-learning
technology could find a better answer automatically, in a much
shorter time—typically within minutes. More importantly, this type
of autonomous segmentation is unbiased and driven by the data, not
the analyst’s intuition.

For example, using a data mining tool, a log file can be segmented
into statistically significant clusters very quickly. The decision tree in
Figure 2-7 was generated by a data mining tool incorporating several
symbolic classifiers, including ID3 (Interactive Dichotomizer, a machine-
learning algorithm) and two statistical algorithms, CHAID (CHI-squared
Automatic Interaction Detection) and CART - (Classification and
Regression Tree). A unique feature of the tool is that it runs CART and
CHAID concurrently, which means both continuous and discrete depen-
dent and independent variables can be modeled without preprocessing or
scaling. The tool generates Multivariate Decision Trees, [FFTHEN rules,
and SQL syntax.

In Figure 2-8 a data mining tool was able to generate a deci-
sion tree identifying two important features about its website vis-
itors. It identified key attributes, the type of computer products
being sold by this website and intervals, the income dollar
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Figure 2-7
Data mining a
website can
reveal hidden
ratios for online
sales.

——
Figure 2-8

The leaves of a
decision tree
represent market
segments of
online
customers.

ranges—differentiating between customers who made online pur-

chases and those who did not.

What is important to note is that these clusters, which represent
market segments, were discovered by a machine-learning algorithm
in a matter of minutes rather than by a web administrator’s manual
analysis of the reports. Data mining does not replace data analysis; it
simply automates it. Equally important to note is that while a data
mining tool may discover a cluster or a potentially profitable market
segment, a web analysis tool can provide the needed analysis to per-
form the projected profits from each of these market segments. A web
analysis statistical tool can provide the charts to visually represent the
findings to management about the significance of these newly discov-
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ered market segments. In conclusion, you should use all of the tools
available to you. As in the construction of a building, several types of
tools are required, each designed for specific tasks and yet each con-
tributing to the completion of the total project.

Visual Data Mining

An optional method by which to perform data mining is through
the use of visualization tools. The value of these tools is gained
when used in conjunction with other tools such as neural networks
and machine-learning algorithms. Some of the features of these
tools are being incorporated in current web analysis tools such as
Mercury Interactive’s Astra SiteManager, which uses a form of link
analysis.

The sections that follow list several of these systems and discuss
their unique capabilities, including features, functions, user inter-
faces, volume of information, customization, integration issues, and
typical uses. Of interest is of course how they can be used to supple-
ment your insight about your website patterns in conjunction with
other data mining tools. These visualization systems fall into three
general classes: visualization packages, link analysis systems, and
quantitative displays.

Visualization Packages

Information visualization uses abstract representations in interactive,
immersive, 3D, virtual environments to display large quantities of
data. It is one of the best methods for proactively exposing trends
within a data warehouse (and website data), which is usually accom-
plished by navigating data landscapes and visually orienting the data
to reveal hidden biases. Information visualization systems are also
geared toward support of real-time applications, since parametric
values can be displayed as an animated or simulated dimension of
data. The following tools are representative of these visualization
packages: SpotFire, Visual-ID (Lucent Technologies), Visible Decisions
(VDI), and Metaphor Mixer (Maxus Corporation).

Figure 2-9 is a view of customers of a department store that uti-
lizes a visualization tool to design a direct mailing campaign based on
several client features, such as ZIP code, gender, and age. A tool such
as this can be used to examine the demographics of your website vis-
itors in order to explore possible pockets of geographic interest by
ZIP codes or other criteria. This tool provides an interactive feature
that allows the user to move the sliders on the right and view the

—1 Chapter 2

Amazon/AlmondNet
Exhibit 1009
Page 80



66 What Is Data Mining?

Figure 2-9
Variables, like
gender, can be
moved on the
right and viewed
on the chart
and map.

changes between multiple variables, such as frequency of purchase
and receipt average, both on the map and on the chart on the left.

Link Analysis Systems

Link analysis is based on a branch of mathematics called graph theory,
and uses a combination of binary relationships established between
object representations to generate networks of interactions and asso-
ciations from defined data sets. Link analysis is not applicable to all
types of data nor can it solve all types of problems. The aggregate
number of data records presented using link analysis is somewhat [im-
ited and the analyses tend to focus on verifying sets of related infor-
mation. Different layouts, filter assessments, and presentation
formats provide link analysis systems with the candid ability to
quickly identify patterns that occur from unusual relationships,
emerging groups, and important connections.

Some of the areas where link analysis has yielded good results are
in analyzing telephone call patterns and combining leads of informa-
tion sources. A cellular phone company may use a link system in
order to analyze call patterns for purposes of discovering how cus-
tomers differ. The FBI is using a link analysis system to combine
information from disparate sources to help the bureau in solving
crimes. Link analysis is able to capitalize on relationships and derive
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characteristics that normally may be missed by traditional methods of
analysis.

A link analysis tool can be used to identify relationships between
certain products or web pages in your site. It can also provide a visual
insight into other hidden relationships based on the demographics of
your website visitors. (See Figure 2-10.) However, one major drawback
to link systems is their inefficient performance in relational databases.
The following tools are representative of link analysis type systems:
NETMAP (ALTA Analytics), IMAGIX-4D (Imagix Corporation),
Analyst Notebook (12), WATSON (Harlequin), and GVA (United
Information Systems).

Quantitative Display

Quantitative diagrams can handle extremely large volumes of data, typ-
ically containing numerical representations. These diagrams tend to
have a traditional statistical look and feel to them for clustering, sum-
marization, and range comparisons. Recent implementations have
pushed the limits of these diagrams to perform hyper-dimensional analy-
ses, which make them ideal candidates for identifying linear or exponen-
tial trends occurring within data sets. (See Figure 2-11.) The following
tools represent quantitative display systems: DIAMONDS (IBM/SPSS),
CrossGraphs (Belmont Research), and Temple-MVV (Mihalisin).
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Figure 2-11

In a 3D environ-
ment, layers of
noisy data can
be removed to
find clusters

of hidden
knowledge.

Data Mining Solutions

Data mining can confirm marketing and management observations
about your website and its visitors. Through data mining you can
quantify these observations so that you know at what point in time
sales are likely to occur, or what dollar ranges exist between prof-
itable and unprofitable web sessions. Data mining can lead to subtle
improvements in efficiency as well as breakthrough findings in the
design and structure of your website. Through the mining of your
website you may find that, yes, your best customers are between age
36 and 42, or you may discover to your surprise that your products
and services do best with women and not men, as you originally
thought! The information that you gather from your registration
forms and the mining of the content in your database can tell you this
and much more, such as what products to associate for increase cross-
selling opportunities, or what information links or advertising to pro-
vide your visitors based on their gender, age, demographics, and
lifestyle interests. Local sources can also be associated based on ZIP
code culled from these registration forms.

As previously stated, data mining is more than the use of software
tools, it.is a business process designed to extract actionable intelli-
gence for product and financial analysis, sales, marketing support,
and customer segmentation gathered from your dynamic customer
information file. Data mining is about knowledge discovery for
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Objective: Response

B
.Figure 2-12
One common
data mining
solution is a
decision tree,
which segments
a database.

strategic advantage. The format of a data mining analysis or data min-
ing tools may vary. For example, it may be in the form of visualiza-
tion, such the graphical decision tree shown in Figure 2-12.

The results of data mining can also be in the form of IF-THEN rules,
which are usually market segments extracted from your website data:

IF website customer age is less than 47

THEN response to offer is 46.1%

IF website customer age is greater than or equal to 47
THEN response to offer is 54%

IF website customer age is less than 39

THEN response to offer is 51.3%

IF website customer age is greater than or equal to 39
THEN response to offer is 67% ‘

Still another possible solution available from the data mining
process is C code, which usually is representative of a set of weights, or
formulas. These weights are usually extracted from a data mining tool
incorporating a neural or polynomial network as its core technology:
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double *webminer(double inarr[1)
{
/* node5—Successful_Suburbanites */
node5 = -1.19493 + 0.032543*LIMIT(Successful_Suburbanites,0,82.9);
/* node31-Young_Frequent_Movers */ node3l = -0.22708 +
0.0943097*LIMIT(Young_Frequent_Movers,0,100);
/* node32-Rural_Industrial_Workers */
node32 = -0.367938 + 0.0455085*LIMIT(Rural_Industrial_Workers,0,100);
/* nodebl-Triplet */
nodebl = 0 - 22.0566 - 40.4871*node5 - 18.3542*pow2(node5)
+ 0.174813*pow3(node5) - 68.848*node3l
- 156.303*node5*node3l - 83.2704*pow2(node5)*node3l
- 44.5781*pow2(node3l) - 37.7005*node5*pow2(node31)
- 0.0442751*%pow3(node31) - 64.3699*node32
- 54.3879*node5*node32 - 185.61*node31*node3?
- 156.467*node5*node31*node32 - 0.270547%pow2(node31)*node32
- 0.109251*pow2(node32) - 0.272628*node31*pow2(node32)
- 0.00897233*pow3(node32) ;

Some data mining tools are also able to generate SQL syntax,
which can be exported from the analysis and used in a production
system to extract a set of records in your databases, which meet the
parameters of the query:

/% saL 1 %/
select * from table
where
(
High Rise Renters =
High Rise Renters
High Rise Renters =
):
/* SQL 2 */
select * from table
where
(
High Rise Renters = 1.7
):
/* SQL 3 %/
select * from table
where
(
High Rise Renters = 11.7 or
High Rise Renters = 28.4
)
/* SQL 4 */
select * from table
where
(
High Rise Renters = 51.3 or
High Rise Renters = 83 or
High Rise Renters = 91

i
oo o
oo

o

=
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~ Keep in mind that the data mining process and the multiple for-
mats of its solutions all have one single goal: insight into the behav-
ior of your online visitors and customers. ’

Why and Who, Not What

Data mining is about why, not what. Data mining is about discover-
ing why the total sales in your website are up for a particular prod-
uct or service, or why certain website visitors have purchased from
your online catalog certain items from certain ZIP codes and age
ranges, while others have not. It is about why certain website visitors
are likely to continuously purchase your product and services, while
others will not. Data mining is about discovering why the sales fig-
ures in your website traffic activity reports are as they are, and as
such, it is a much more powerful technology than simple aggregate
domain counts.

Data mining is also about who. Who visits your website and buys
your products and services, who your most loyal and profitable
online customers are. Data mining is about ratios, rules, attributes,
features, patterns, signatures, and influences hidden in your website
data. It is about discovering the reasons or relations behind the
numbers in your website traffic activity reports. It is also about
uncovering the core differences between your website visitors,
online customers, services, products, and sales. Data mining is
about why and who, not how many. It can be used to answer such
questions as:

»  What makes a website visitor profitable or unprofitable?

»  What kinds of website visitors respond to your advertising?
w  What traits do profitable visitors have in common?

»  Why did this online product sell with this visitor?

»  What will these website visitors buy next week?

Data mining is about using autonomous pattern recognition tech-
nology for achieving specific business objectives, such as increasing
your website sales. It is about perception, learning, and evolving—all
human functions that can assist your company in recognizing the fast-
changing electronic commerce environment. For example, data min-
ing is about increasing your market share by recognizing who your
most valuable online customers are—understanding their features
and using that knowledge to identify new website visitors through
targeted marketing and advertising. '
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The Online Corner Store

With detailed information about the customer’s habits at the point-
of-contact, a website can provide individualized interaction, much
like the neighborhood store. For example, a bookseller website can
display titles matching an individual consumer’s preferences. With
growing personalized attention during every transaction, a website
customer will perceive added value in their relation with that
bookseller. The focus of this type of individualized marketing is on
owning a greater market share of an individual customer over time.
A clear advantage to relational marketing is that during the process
of increasing the share of each customer, the company is both
building a long-term relationship and learning about that customer
with every transaction. This has an additional benefit since it is
cheaper to increase sales to existing customers than to acquire new
customers.

The website can track customers, it can enable interactive dialog,
and it can allow mass customization of products and services created
and presented to an individual’s unique needs and requirements. The
key is to know about as much as possible about each of your website
customers. Dialog is the most important aspect of relational market-
ing. You need to facilitate website visitor communications—act on
their feedback and reciprocate by making suggestions and recom-
mendations—in order to build trusting and loyal relationships, which
in turn will translate into more online sales and profits.

The use of lifestyle data, or “psychographics,” became prevalent in
the 1980s, and in the 1990s Regis McKenna introduced the concept of
relationship marketing. McKenna suggested moving away from mar-
keting to everybody and instead concentrating on knowing your cus-
tomers and developing a relationship with them. McKenna’s marketing
concepts are about developing products and services to serve a specific
market, by defining the standards in that market and developing a deep
relationship with those customers. More important, relational market-
ing is a concept ideal for the Web and electronic retailing. The rapid
decline of computer prices, coupled with their increased performance
and storage capacity, has made the practice of using databases in mar-
keting almost commonplace during the last decade.

A more recent concept further narrows the marketing from seg-
ment to that of individuals. Marketing visionaries Peppers and Rogers
in their book The One-to-One Future actually saw the marketing
environment a full year before the Web burst into the scene. In their
book they introduced the concept of marketing to an individual on a
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one-to-one basis over an extended period of time and in the process
learning as much about them as possible. Today, like the little corner
store, the web merchant can remember what products you like, stock
for your convenience, then e-mail you product-specific offers.

Selling as a Service

The goal of selling on the Web is to increase repeat purchases by
focusing on brand recognition and customer profitability over their
lifetime. Selling on the Web is an opportunity to build loyalty, which
will reduce customer attrition and build a higher rate of profit per
customer. Because each transaction requires less cost than the initial
one, loyal clients are the most profitable, as they tend to spend more
over time. Loyalty is fostered by feedback, which should be facilitated
either via CGI forms and e-mail so that your clients can tell you who
they are and what they want from your website.

In the process of interacting with your website customers, it is
important that you assure them of the confidentiality of the informa-
tion they are disclosing. Keep in mind that customer information is
your competitive arsenal and should not be shared or provided to
another firm without your clients’ approval. On your registration
forms, ensure you don’t ask for all of the information at once and
that you give your website customers an option over what informa-
tion they provide you. Lastly, give them something in exchange for
the information they do disclose to you, such as a special shopping
area or a discounted pricing rate.

Data miining performs many functions: it can assist you in assess-
ing the performance of your website and in the integration of your
website visitor profiles; it can help you in segmenting your website
customers by profitability, loyalty value, overall usage, and number of
visits; it can also assist you in the construction of predictive models
for targeting future clients.

There is a continuum in this process of data acquisition. For
example, the targeting of your products and services is first of all dri-
ven by your website’s content. A customer will go to an auto site
because she wants information on that new sport utility model, or to a
sport site because she wants details on that game last night. This is the
first level. The second level of the continuum involves some server and
browser specifics, and at this point the data is contained in log files,
such as access time and day, referring engine, sub-domain and HTMLs
requested and viewed. At the third level, the data involves registration
and demographic information gleaned from ZIP codes. At this point
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you are dealing at a market segment level, which can be mined by such
data mining tools as a decision trees generator. At the fourth and final
level, the data involves individual customer behavior, including page
views, clickthroughs, queries, ad impressions, and transactions. At this
narrow one-to-one level a neural network tool is required for scoring
individuals by propensity to purchase specific products or services.

Web Marketing

Because the Web can track visitors at the granular level, ads can be
targeted to those potential customers most likely to respond based on
confidential user profiles and their mined behavior. Data mining typ-
ically involves a process know as “supervised learning” in which a
pattern or a signature is discovered for a particular group of con-
sumers. These are customers with specific tendencies and attributes,
which when identified can be used to target new potential prospects
with similar profiles. The benefit of relational marketing via data
mining is that it gives your visitors and customers the opportunity to
teach you what they truly want and desire.

Before you can mine your website data you must plan and design
the processes by which you can capture the attributes of your visitors
and customers. For starters, your website data has the capacity of tar-
geting ads, products, and services at several levels, the first of which
begins with your server log files:

geographic location

prior purchases

browser type

time of day

past clicks

IP address

If you are using forms for purchases, registration, games, guest
books, contests, or other types of promotions, you have a second

level by which you can begin to capture actual visitor and customer
profile information, such as:

®  occupation
» profession
m  ZIP code

= gender

= age
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At the third level you have the actual behavior of your customers,
whose actions you can mine in order to identify specific patterns or
signatures. At this level, an additional data component from cookie
files can begin to be assembled and mined in order to discover
propensities for clickthroughs and actual online sales. Data from the
prior two other levels can also be merged in order to construct mod-
els and profiles identifying the attributes of these customers.

When this information is assembled, data mining techniques
can be used to infer customer composites about lifestyle similari-
ties, attributes, and characteristics. With these insights you can
begin to fine tune your advertising and marketing campaigns.
Through the careful design and integration of your forms you can
begin to learn from your visitors and customers what they like and
don’t like about your products and services and those of your com-
petitors. Through this process you can increase your revenue
stream from each customer and begin to gain a competitive advan-
tage. In the process of retaining customers, the cost of attracting
new ones is reduced, since it costs less to keep them than to acquire
new ones. Tracking, capturing, and mining data from advertising
and your website promotional efforts are important, especially if
you are gathering useful demographic data relevant to your busi-
ness objective: online sales.

The more targeted your ads and online promotions are, the more
qualified the leads you're likely to get and the higher a response you
are likely to see. Website visitors and customers behave differently
and have unique needs for using the Internet, which means you
should be aware of their idiosyncrasies. With the data mining of your
website you will gradually “learn” to deal with your customers in sub-
tle but effective ways—with different cues, offers, and content—tar-
geted much narrower than traditional media.

Your website has the ability to provide individualized products and
services when it captures enough data for mining from assorted log
and cookie files and personal information captured from your site’s
forms. There are additional technologies, techniques, and services
unique to the Web which you can use to generate the data for min-
ing, including products and services from BroadVision’s Relational,
ADSmart, Engage Technologies, and GuestTrack. However, before
this can succeed, security and privacy concerns need to be addressed.
You need to respond to concerns over silent tracking techniques via
cookies, collaborative agents, ad servers, etc., and explicitly inform
your visitors and customers how you plan to use the data you are cap-
turing to personalize their experience while they are in your website.
Your primary reason for data mining should be to create such a high
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level of customer service that your clients will not want to defect to
your competitors.

Online Coupons

T —

Figure 2-13
Online coupons
can gather
important
consumer
information.

Online coupons are a very cost-effective vehicle for conducting mar-
ket research over the Web and collecting very accurate consumer
product information. To collect online coupons, shoppers choose sav-
ings offers from a special selection in a retailer’s website. After click-
ing on their personal choices, shoppers receive securely printed,
copy-resistant coupons through the mail, redeemable at any of the
retailer’s physical locations.

Blending traditional market research and web ad tracking, elec-
tronic and physical retailers are beginning to use online coupons to
efficiently and cost effectively learn more about their customers. (See
Figure 2-13.) Visitors to retailer websites can complete forms in
order to obtain coupons, and as they do so they are asked about their
gender, the number of people in their household, whether they have
a pet, and so forth, in order for the coupons to be tailor-made to their
consuming specifications. Online coupons have a high response
rate—in some cases, over 20 percent on a variety of national branded
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products from leading consumer-packaged goods manufacturers.
Traditional coupons average less than 2 percent redemption.

Mining Customer Value

Most of today’s data mining tools are based in part on statistical algo-
rithms such as CHAID (CHI-squared Automatic Interaction Detection)
or CART (Classification and Regression Trees) and in part on several
artificial intelligence technologies designed to emulate human percep-
tion, such as neural networks and machine-learning. Some of these data
mining tools search for patterns in data and then organize their solu-
tions as conjunctions or business rules. Data mining analyzers can
deliver their solutions in useable business statements that are easy to
grasp and implement by a web or marketing teams in an electronic
commerce environment:

IF Total Number of Visits Made = 7 through 9
AND Category of Book Purchased = Database Management
THEN Total Projected Sales for Year = $90

Unlike website tracking software, data mining technologies are
designed to sort through hundreds and even thousands of data fields
to find the few significant ones for profiling online customers by
potential profit groups or market clusters. The core technology of
most of today’s data mining tools can split and evaluate hundreds of
thousands of records and data fields in a web-generated database in
order to arrive at those attributes that are influencing important busi-
ness factors such as total sales.

The underlying mathematics of most data mining tools is mani-
fested in how they compute the amount of “information gain” in a
record relating to its class membership. Gain criterion is actually a
measurement of information, or the amount of information conveyed
in a message. Data mining tools (at least those incorporating symbolic
classifier algorithms) actually compute this measurement as they
process the records in a database in their search for patterns; they
“interrogate” the database via a sequential process of small decisions,
with each decision conceptually a yes/no classification based on prop-
erties of each customer record. The following is an example of how
a data mining analysis may partition a single transaction in a website
doing business-to-business retailing:
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Low LTV High LTV
ZIP Code 94501 94502 o
Customer Since 1994 1996
Catalog Code V78 B49
Last Purchase 96/04 98/04
Revolving Limit $7,500 $51,000
Credit/Debit Ratio 45% 349%
Sub-domain ORG COM
# of Employees 32 12
SIC 896 456

Here, the transactions are split between Low and High LTV (life-
time value, i.e., the duration of their relationship with a site and the
amount of money they spend during that time) on the basis of the
data, rather than a hypothesis, hunch, or intuition of the web or mar-
keting analyst, thus automating the process of stratification. Most
data mining tools perform somewhat the same process on a database:
they split it into classes that differ as much as possible in their rela-
tion to a selected output, such as total sales. In other words, a web
database is split into subsets according to the results of statistical tests
conducted on an output by the data mining algorithm and not a sta-
tistician, web, or marketing analyst.

One way to see this process is as a game of “20 Questions,” where
one player asks questions to determine the kind of object another
player has in mind. Presented with a large web-generated customer
database with varying “total sales,” a data mining tool asks a series of
questions about the LTV of each record, with a goal of classifying
each sample into a class or group. LTV classes are thus determined by
the properties of records in a database and generalized into predictive
models from specific examples in that data set.

Another way of viewing data mining technology is as a simplifier. It
enables the “pruning of noise” so that the web marketer or electronic
retailer can identify the specific customer attributes, such as establish-
ment date or sub-domain, which have the most effect on predicting
online customer LTV, In addition to facilitating and improving web mar-
keting efforts for its most profitable online customers, LTV analysis can
indicate which Low LTV customers might warrant additional attention,
enabling you to convert them to High LTV, or identifying those that do
not warrant additional marketing since they are not profitable.
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Data mining analysis can also assist marketing in the search for
new online prospects, which “fit” the High LTV profile of your cur-
rent customers. The following website database reflects an average
customer sale amount of $200, but a data mining analysis uncovered
three clusters of customers with varying LTVs and some insightful
features. The three groups of LTV customers reflect total sales rang-
ing from a low of $70 to a high of $900.

The Occasional Web Customer: Low LTV

IF Sub-domain = AOL
AND Connection Time = 4 Through 6 Minutes
AND Gender = Female

THEN Total Sales = $70

The Average Web Customer: Medium LTV

IF Transactions = 3-4
AND Age = 40-49
AND Gender = Male
THEN Total Sale = $200

The Premier Web Customer: High LTV

IF Age = 25-39
AND Sub-domain = NET
AND Gender = Female
THEN Total Sales = $900

With this analysis an electronic retailer may concentrate its ban-
ners, ads, and other marketing campaigns on retaining all female cus-
tomers between 25 and 39 with sub-domains .net, since they represent
the highest LTV for this company. At the same time, this website may
want to construct a marketing campaign to introduce the Occasional
Customers to the additional products they may not be aware of
through banners designed to “educate” them, with an effort toward
increasing sales. Through this process of segmentation a retailer can
begin to construct marketing campaigns on the basis of what each
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market segment represents to their business. What’s important in this
example is that the data mining process discovered the unique features
and intervals in the data signaling a unique “signature” of High LTV
web customers vs. Low and Medium LTV buyers.

A key distinction between manual methods of web data analysis
and data mining is that the process used to discover the key customer
attributes, such as sub-domain and gender, or the intervals, the num-
ber of transactions 3 to 4, or age ranges 25 to 39 in the data set. The
key difference in using data mining tools in the analysis of web data
is that the algorithms and not the user discovered the customer attri-
butes and value ranges. The data mining process can also discover the
key intervals indicating when a web customer may be expected to go
from a Low LTV to a High LTV. The iterative analysis of your web
data can also point out such customer profiles as a “brand-switcher”
or a “win-back” for a specific product or service, based on historical
online trends and web transaction patterns.

Once a LTV profile has been identified by the mining of web-
based data, additional enhancements can be made through
“appends” from demographic and household external databases.
Internal web customer databases can be improved through a “merge
and purge” methodology, that is, by merging an internal web cus-
tomer database with external lifestyle and demographic information.
Through this process new features about online customers may be
discovered. Next, through the use of data mining, irrelevant attri-
butes can be purged from the database for determining LTV. For
example, a website marketer may discover that High LTV web cus-
tomers have unique attributes regarding specific income levels, or
other lifestyle traits. Once the data mining tools have “learned” the
dominant features of each LTV group, it can rank them in order of
statistical importance:

Name Ranges Rank
Zip Code 1211 to 98776 13
# of Employees 03 to 89 49
SIC 000 to 999 03
Customer Since 1996 to 1998 04
Revolving Limit 0 to 90000 01
Credit/Debit Ratio 0 to 100 06
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Using this type of rank table, a web marketer can purge those cus-
tomer attributes in a database that have little or no use in identifying
High LTV clients. For example, in the above data mining analysis of
a business-to-business web retailer, Revolving Limit is the most
important attribute in the data, while Number of Employees was of
no importance and may be excluded from subsequent analysis. The
merge-purge process can be viewed as a method of “condensing” a
very large database, enabling the electronic retailer and marketer to -
focus on only those factors relevant to the grouping of high revenue
producing online customers.
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They're about Learning and Evolving

In the preceding chapters we discussed some of the electronic retail-
ing applications of data mining and how the technology differs from
traditional methods of data analysis. Now we will discuss in more
detail how each of the technologies operates on a data set and what
insight they can provide about your website. How do neural net-
works learn from data? How do machine-learning and statistical
algorithms segment a database? How do genetic algorithms optimize
the entire learning process into a2 method of evolutionary computing?
In short, what are the underlying pattern recognition processes of
today’s data mining tools and toolboxes?

In order to understand and fully benefit from the process of pat-
tern recognition, we need to know how this technology came about.
We will take a short historical trek through several branches of artifi-
cial intelligence and some key events leading to the developments and
acceptance of neural networks, machine-learning, and genetic algo-
rithms, with maybe a couple of short excursions into the area of fuzzy
logic and an introduction to the statistical algorithms CART
(Classification and Regression Trees) and CHAID (CHI-squared
Automatic Interaction Detection). These technologies are at the core
of most of the current data mining tools, so knowing something
about them will help you know how to use them to your advantage
and in conjunction with each other to optimize your mining efforts.

Although we will not go into the gory details or math of back-
propagation and Kohonen networks or the Interactive Dichotomizer
and C$5.0 algorithms, we will instead concentrate on explaining these
concepts and the difference between what each network and algo-
rithm does, specifically how each of them operates on the data and
what you can expect from each in terms of business solutions. The
scope of this chapter is to assist you in knowing how to leverage these
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Networks and Algorithms

The Al War

technologies to improve your marketing presence and effectiveness
on the Web, that is, to use the networks and algorithms effectively to
improve your online bottom line.

Data mining is rooted in artificial intelligence. However, Al is a
diverse field involving everything from natural language to expert sys-
tems. Most of the cutrent data mining tools are based specifically on
neural networks and genetic- and machine-learning algorithms—three
branches of Al that continue to evolve today, but that experienced
some important breakthroughs during the last decade. As such, they
are relatively mature technologies that have migrated to commercial
software in the form of both data mining tools for the desktop and
high-end multiple-paradigm toolboxes for parallel processing servers.

AT has traditionally sought to emulate human processes. Its appli-
cations have basically involved attempts to get machines to do what
humans do best. From robotics in manufacturing to agents on the
Web, both are technologies designed to assist their creators. Likewise,
neural networks and machine-learning and genetic algorithms are
similar efforts to do through code what humans have been doing for
millennia—to learn to recognize patterns. Al seeks to emulate human
memory, learning, and evolution. However, not too long ago, the
techniques for how to best do this were a matter of controversy and
conflict. Two major forces of Al battled with each other not only in
their approach on how to best replicate human functions, but also
over government funding and corporate attention.

Basically, there are two main schools of thought on how machines
should learn: inductive and deductive analysis. (See Figure 3-1.) The
deductive approach involves the construction of rules obtained from
domain experts through interviews by knowledge engineers. These
knowledge engineers go on to construct “expert system” programs
containing sets of rules designed to “fire” when certain conditions are
encountered by users. The inductive approach, on the other hand,
involves the generation of rules directly from the data, rather than
from domain experts.

The Top-Down Approach

The deductive approach was the dominant Al branch, receiving the
most hype and attention during the 1970s and 1980s. Ten years ago
when Al was the “hot” new technology expert systems received the
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Figure 3-1 DEDUCTIVE INDUCTIVE
“The roots of Expert | Knowledge
data mining are
based on the
inductive Rules
approach to
knowledge
discovery. Knowledge Data

majority of support from both the government and venture funding.
Expert systems used special languages, such as LISP and Prolog, and
in some instances special workstations. For example, at one time
American Express used an expert system to assist them in approving
credit, while the Internal Revenue Service tried to use an expert sys-
tem in the selection of tax returns for audits. A soup company
attempted to construct an expert system by codifying the processes
of its master cook.

The success of these expert systems, however, was short lived, as
the programs suffered from significant shortcomings: they were brit-
tle and expensive to maintain. Some expert systems required hun-
dreds of rules that had to be manually maintained and updated to stay
in tune to a rapidly changing business environment. Expert systems
eventually proved to be too fragile and rigid to keep pace with the
rapidly evolving conditions of everyday transactions. However, it was
during this period that two researchers from the Massachusetts
Institute of Technology, Seymour Papert and Marvin Minsky, vying
for funding for expert system technology, wrote about the deficien-
cies of neural networks and thus stymied the development of the
inductive approach to Al for several years.

The Bottom-Up Approach

The alternate approach to Al is inductive data analysis, which
extracts patterns from data and learns from examples. The induc-
tive approach to Al involves generating the rules for a system from
thousands of cases, in contrast to extracting the rules from experts
via interviews. It was an approach to rule generation that did not
take off until the 1980s with the work of several researchers from
diverse fields of mathematics, statistics, and computational science.
John Hopfield advanced the concept of a feedback neural network.
J. Ross Quinlan, a mathematician, developed the Interative
Dichotomiser ID3 machine-learning algorithm, and John Holland
discovered genetic algorithms.
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Working independent of one another, these three researchers have
had a vast impact on data mining, for it is from their work that almost
all of the current data mining tools are derived—decision trees, neural
networks, rule generators, evolutionary programs, etc. Through the
process of a feedback network, Hopfield demonstrated how a neural
network could adjust and eventually learn a pattern from repeated
exposure to case samples. Quinland’s work on ID3 was one of the first
learning systems capable of generating rules in the form of a decision
tree. Holland’s work at the University of Michigan led to the theory
of schema, which provided the groundwork for genetic algorithms
and demonstrated how programs can work toward the optimization of
solutions. Holland and his colleagues mapped the future of evolution-
ary computing, which will have a long-term impact on the future of
data mining and electronic retailing on the Web.

Neural Networks

Neural networks are so named due to their overall design, which is
based on the structure of the brain: both have many highly intercon-
nected neurons. Like the brain, a neural network is a massively par-
allel, dynamic system of highly interconnected interacting parts. It is
able to construct nonlinear predictive models that learn through
training and resemble biological neural units in structure. The ability
to learn is one of the features of neural networks; they are not pro-
grammed as much as trained.

At the core of the network are the hidden connections that con-
tain layers of “weights,” which are the formulae to pattern recogni-
tion. That is, they work even when given incomplete information.
Most neural networks have some sort of “training” rule whereby the
weights of connections are adjusted on the basis of presented pat-
terns, and they “learn” from examples. A neural network consists of
layers of neurons, which are connected to each other. Some of the
neurons will be used to input data into the network and send it to the
inner layers of neurons. The output neurons provide the network’s
response or output. Neurons are connected and combined to gener-
ate an output, as Figure 3-2 shows.

In other words, a neural network is a system of software programs
and data structures that approximates the operation of the brain.
They usually involve a large number of processors operating in par-
allel, each with its own small sphere of knowledge and access to data
in its local memory. Typically, a neural network is initially “trained”
or fed large amounts of data and rules about data relationships (e.g.,
“AOL sub-domains purchase printers but not scanners”). Neural net-
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works are basically computing memories where the operations are
association and similarity. They can learn when sets of events go
together, such as when one product is sold, another is likely to sell as
well, based on patterns they have observed over time.

In a neural network, after a pattern is learned, such as when a
website visitor selects a series of pages, the network examines the
possibilities and makes an immediate match, such as a specific ad,
offer, price, or link. This is the type of problem for which a web mar-
keter may make a decision based on personal observations. However,
what if the problem is not for just one page, but hundreds, and what
if the options are not just two or three but 20 or 30? This is where a
neural network can be trained to recognize subtle and small differ-
ences. It can learn a pattern of interaction and activity over that web-
site and split the information up across its many neurons. It is trained
using hundreds or thousands of sessions so that very quickly it learns
what path which type of visitors should be offered.

From Slugs to VISA

In 1982, John Hopfield, of Caltech, presented to the National Academy
of Sciences the first paper on neural computing presented to any distin-
guished body since the 1960s. The paper described Hopfield’s neural
computing system, called the “Hopfield Model” or “cross-bar associa-
tive network.” Using research based on the olfactory system of a garden
slug, Hopfield presented a neural computing system consisting of inter-
connected processing elements that seek an energy minimum.
Hopfield’s model represented neuron operation as a thresholding oper-
ation and illustrated memory as information stored in the interconnec-
tions between neuron units. He also illustrated and modeled the brain’s
ability to call up responses from many locations in response to a stimu-
lus; he thus modeled how a neural system “associates” information from
multiple storage sites for a given input.

Hopfield’s enthusiasm, reputation, and clarity of presentation was
well received and prompted researchers to become interested again in the
fascinating field of neural computing. The increasing attention in the field
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also opened many sources of funding necessary for the pursuit of neural
computing research and the inductive approach to AL His work led to an
“explosion in neural networks papers, conferences, and software compa-
nies, which continues to this day. Today, neural networks are successful
in applications requiring prediction, data classification, and pattern
matching. Examples of successful applications include mortgage risk
evaluation, production control, handwriting recognition, and credit card
fraud. The credit card you carry is being monitored every hour of every
day by a neural network for potential patterns of irregularity; the system
being used is most likely from HNC; a neural network company from
San Diego, which monitors over 150 million credit cards.

Back-Propagation Networks

Neural networks were not seriously considered until Paul Werbo’s
groundbreaking 1974 Harvard doctorate thesis, Beyond Regression,
which laid the statistical foundation to the work on back-propagation
by several researchers from varied fields. In 1985 the back-propaga-
tion neural network architecture was simultaneously discovered by
three groups of researchers: D. E. Rumelhart, G. E. Hinton, and R.
J. Williams; Y. Le Cun; and D. Parker.

A back-propagation neural network consists of several input nodes,
some hidden nodes, and one or more output nodes. Data cycles
through the nodes as the net trains and adjusts (Figure 3-3). Back
propagation is a learning method where an error signal from an out-
put node is fed back through the network altering weights as it goes,
to prevent the same error from happening again. The process involves,
as with the other types of networks, a gradual process of training with
incremental improvement over time, until a network learns a pattern.
This pattern can be anything, including the behavior of website visi-
tors and customers. The back propagation architecture is the most
dominant of all neural networks, and it is the most popular in the cur-
rent crop of data mining tools involved in supervised learning.

To demonstrate how a back-propagation network works we can
try it by solving the exclusive-or (XOR) function whose output is log-
ically true (or has the value “1”) when the two inputs are opposite
(Figure 3—4). The numbers between the neurons are the strengths of
the connections between them, or the weights. The weight values will
be modified as the network is trained. For training, the network is
started with a random set of weights (Figure 3-5).

We start with the assumption of the threshold for the neurors to
be .01. This means that if the sum of the inputs is greater than .01,
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the neuron will output a 0, and if the sum of the inputs is less than
.01, then the output will be 1. After applying a training pattern of 1
on each of the two inputs, the neurons’ outputs are computed and
adjusted, as Figure 3-6 shows.

Each of the neuron’s output is noted for each node along with the

sum of the neuron’s internal signals. Neurons a4 and b are both sending
1’s to the next layer. Neuron x gets two signals, one from neuron & and
one from neuron b. The weight from neurons a to neuron x is Wxa,
and its value is —4.9. We multiply the signal times its weight and get
—4.9. The input to neuron x from neuron b has a weight Wxb that is
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Figure 3-6
XOR function
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propagation net-
work input
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equal to 5. The signal from b is 1. This contributes 5 to neuron x. We
next add —4.9 and 5 to get a total internal signal of .1 at neuron x. This
is greater than the threshold of .01 so neuron x outputs a 1. In the same
way the outputs of y and z can be computed. With the training pattern
of the network, the final output should have been a 0, but it was a 1.
The network determines an error factor by adjusting the weights from
the last layer to the first layer, one layer at a time. The error at neuron
2, Ez, is the desired output minus the actual output Ez = 0 -1 = 1.

The weight adjustment is computed by multiplying the error at the
neuron times the output of the neuron that the weight is associated
with, so that Wzx = —1 + 2.2 = 1.2, This is added to the current value
of Wzx with the new Wzx = -1 4+ 2.2 = 1.2. This new weight is now
the error at z times the signal from y, added to the current value of
Wzy. The new Wzy is = (=1 * 0) = 2.5 = 2.5. Wzy is unchanged. We
next compute the error at the neurons in the next layer back. For neu-
ron x, it is equal to the error at z times the weight of the connection
fromx to z: Ex = =1 * 2.2 = -2.2. To compute the new Wxv, we mul-
tiply the error at x by the signal from g4, then add the current Wxa, so
that the new Wxa = (-2.2 * 1) - 4.9 = -7.1. After all the weights are
adjusted, a new input pattern is applied and if there is an error, the
sequence of back-error propagation is repeated. When all four pairs of
input patterns produce the correct outputs, the process stops.

Supervised Learning

This is basically how most neural networks learn: by example in a
supervised mode. Supervised models, like back-propagation networks,
are trained with pairs of examples: positive and negative. A given
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input pattern is matched with a desired output pattern. Training a
supervised network is a process of providing a set of inputs and out-
puts, one at a time. The network trains by taking in each input pat-
tern, producing an output pattern, and then comparing its output to
the desired output. If the network output is different from the desired
output, the network adjusts its internal connection strengths (weights)
in order to reduce the difference between the actual output and the
desired output. If, however, its output matches the desired output,
then the network has learned the pattern and no correction is made.

This process continues until the network gets the patterns of
inputs/outputs correct or until an acceptable error rate is attained.
However, because the network may get one set of patterns correct
and another wrong, the adjustments that it makes are continuous. For
this reason, training of a network is an iterative process where
input/output patterns are presented over and over until the network
“gets” the patterns correct.

In your website, the data (inputs or target patterns) may be in the
form of continuous value variables or a set or ranges. For example, the
connection time of online sessions could be represented by the actual
number of minutes (a continuous valued variable) or one of four states
(ranges of time): —30 seconds, —90 seconds, ~300 seconds, and +300
seconds. In the latter case, four neurons, each with bipolar values, would
be appropriate; in the former case a single neuron would be used.

In general, it is easier for a neural network to learn a set of distinct
responses than a continuous valued response. However, breaking up
a continuous valued variable into artificial distinct categories can
make it more difficult for the data mining tool to learn examples that
occur on, or near, the boundaries of the groups. For this reason, con-
tinuous valued input variables should be carefully used to represent
distinct quantities such as connected time from log files, or visitors’
age from registration forms.

Training a Network

In most instances you will be using a back-propagation neural net-
work involving supervised learning. This means that the training set
you use consists of records whose prediction or classification values
are already known. It is imperative that you train your network with
good, current data. Selecting the data for the training of a neural net-
work is probably the most important step in data mining you will
take. Selecting the wrong type of data will doom your efforts no mat-
ter how good or expensive a data mining tool you use.
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The most important factor in the selection of your data is to
ensure you include all the ranges of values for all the variables that
the network is subject to encounter. In your website, this means
including the least and most expensive items and the lowest and high-
est amounts of sales, session times, units sold, etc. As a rule, you
should have several examples in the training set for each value of a
categorical attribute and for a range of value for ordered discrete and
continuous valued features.

A trained network has the ability to generalize on unseen data, that
is, the ability to correctly assess samples that were not on the training
data set. Once you train a network the next step is to test it. Expose the
network to samples it has not seen before and observe the network’s
output. A common methodology is to split your data, training on a por-
tion of your data and testing on the rest. One way to determine the pat-
terns your network is finding difficult to learn is to observe closely the
errors it is making. To correct them you can retrain your neural network
by giving it more samples of the errors it is having difficulty learning,

Preparing Your Data

Real-world data, including that from your website, may be spotty,
dirty, or skewed. That is, it may be distributed in an uneven way, mak-
ing it difficult for a neural network to converge into a good model. A
skewed distribution can prevent a network from effectively using an
important attribute in your data.

A common way to deal with this problem is to “discrete” an
attribute. Rather than having a single input for dollar sale amount,
you might break it down to several ranges. Here is an example. Let’s
say your website sells software products that range in price from very

low to very high:

$10-$19 very low = 00001 => Input1
$20-$50 low = 00010 => Input 2
$51-$100 average = 00100 => Input 3
$101-$199 high = 01000 => Input 4
$200-$999 very high = 10000 => Input 5

Most of today’s modern data mining tools are able to shift the
data into these discrete ranges, but you will need to do some of these
transformations yourself should the tools you use fail to have this
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functionality. Another technique for dealing with skewed and cate-
gorical data is to use their logarithmic or square root value, as well as
doing “1-of-N” conversions, as the above sample demonstrates.

During the initial phase of using a neural network tool, you will
need to train it using examples of website sessions in which actual
sales took place. The samples need to reflect as many features as you
can possibly capture, such as when the sale was made and who made
it (Figure 3-7). However, since a neural network works best when all
inputs and outputs are between 0 and 1, certain conversions need to
be made from the web-generated data. Both continuous and categor-
ical values need to be converted—a process which good data mining
tools are able to do relatively easy.

Webbing Your Features

Date and time fields can be inputted into your website’s neural net-
work in one of two ways. Any date can be represented as is and left
as a single number for a specific day in a month. A variable such as a
length of connection in seconds or minutes can also be represented as
a fixed point in time. Because you are looking at patterns of transac-
tions in your website, you may want to do some conversions of dates,
in order to detect trends in ads, marketing campaigns, seasonal or
network cycles, etc. For example, you may want to extract a date and
deal with it as an additional input into your network:

Access Date Day of the Week Additional Input
030299 Monday 00001
030399 Taesday 00010
030499 Wednesday 00100
030599 Thursday 01000
030699 Friday 10000
—1 Chapter 3
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Address fields on the Web present another problem. For example,
the ZIP code 94502 is not greater than 94501 by one, or larger by
93269 than the ZIP 01233. It is instead another class. A ZIP code is
a category, not a continuous value number. One of the best ways of
dealing with this type of categorical variable is to use another tool or
network for clustering. The time needed to train a neural network is
directly related to the number of input features used by the network,
which means the more features you input, the longer it takes for a net
to converge.

A good way of dealing with these types of inputs is to use a
machine-learning algorithm tool to create clusters of similar ZIP
codes, which can then be transformed into 1-of-N values for
inputting into your neural network. Using another data mining tool
to prioritize the inputs into a neural network is a good way of deter-
mining which features are the most important for training and con-
structing your model. Another technique for “data compression” is to
do statistical correlation, such as Pearson’s. Some of the more
advanced neural network tools include features for pruning variables,
prior to training on data sets.

Purchasing Propensity

The output of a neural network is in the format of a continuous
value. As such it can be difficult to interpret for categorical results,
such as “will buy vs. will not buy.” However, there is a method by
which you can take a normal neural network output and create cate-
gorical results, which involves creating multiple outputs, as Figure
3-8 shows.

In these situations, you may want to have multiple outputs with
each category being a propensity to purchase unique products or
services. You may opt to position certain ads or offers on the basis
of how a neural network score corresponds with the maximum pos-
sible value, or the top three values, or if it exceeds a certain thresh-
old value.

Figure 3-8

A multiple out-
put network for
predicting
propensity to
purchase differ-
ent products.
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Training Cycle

Your main task is ensuring you are capturing the relevant and impor-
tant features from your website, which can be used for prediction and
classification. As such, your objectives when using a neural network
tool are to ensure you:

1. Identify the input variables—this is very important!
2. Convert the variables into usable ranges—pick a tool which will

do this.
3. Decide on the format of the output—continuous or categorical?
4. Decide on the training data set sample and a training schedule.
5. Test the model and apply it to your website objectives.

Setting up a schedule for the training of a neural network is impor-
tant because your model will deteriorate gradually over time. One of
the downfalls of any model, especially one designed to predict web
behavior, is that it will eventually go stale. The model you create with
a neural network will age and atrophy as your website traffic evolves
beyond the data used to train your net. As you introduce new prod-
ucts and services, or as you make changes and improvements to your
website, changes occur in your traffic and transaction patterns. As
such you will need to train your network with fresh data.

Self-Organizing Maps (SOM)

Neural networks perform best in situations whose outputs are non-
linear and with complex problems that do not require a solution of
absolute accuracy. They also are ideal in situations where a large
amount of historical data is available for training and where a “black
box” solution will do and no explanation is required. Most of
today’s data mining tools incorporate two main types of neural net-
works, back-propagation and SOMs, also known as Kohonen net-
works, after its inventor.

In 1981 Tuevo Kohonen proposed and demonstrated a completely
different network architecture. An SOM network resembles a collec-
tion of neurons, as in the human brain, each connected to its neighbor.
As an SOM is exposed to samples, it begins to create self-organizing
clusters, like cellophane spreading itself over chunks of data. Gradually,
a Kohonen network will organize clusters and can thus be used for sit-
uations where no output or dependent variable is known. SOMs have
been used to discover associations for such purposes as market basket
analysis in retailing.
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The key difference between back-propagation nets and Kohonen
nets is that the former is used for supervised learning where a train-
ing sample is needed to construct a classification model. For
example, with a back-propagation neural network, training is usu-
ally done with a balanced sample of website visitors who made a
purchase versus those who did not. Also unlike the back-propaga-
tion networks which usually have a single output, an SOM network
can have multiple outputs competing with each other. SOMs
involve unsupervised learning, a training sample for which no out-
put is known, and is commonly used to discover relations in a data
set. This by the way does not preclude using both paradigms—first
the SOM to discover a sub-class within the data, then a back-prop-
agation network for classification of that class. The same can be said
for using neural networks in combination with genetic and
machine-learning algorithms.

SOMs are probably second only to back-propagation architecture
in terms of the number of applications and tools for which it is being
used. The most significant difference between the back-propagation
and the self-organization models is the fact that the SOM is trained
without supervision. The SOM network is more biologically oriented
than the back-propagation models in that it bears more resemblance
to the way humans learn and the brain is organized. If you don’t
really know what you are attempting to classify (such as the website
patterns you are looking for), or if you feel there may be more than
one way to categorize your visitors or customers, you may want to
start with an SOM.

Calibrating Clusters

Using an SOM to discover clusters in your data can often lead to a
problem in trying to extrapolate a meaning for each of the groupings.
There are two ways of dealing with this problem. The first involves
obtaining the average value for each of the features in the data. For
example, if the number of children or customer age is one of the input
features, then what you need to obtain is the average value for each of
these features in each of the clusters the SOM discovered. The other
method involves passing each of the clusters through a machine-learn-
ing algorithm in order to generate a set of rules describing the features
of that grouping. This second option requires the ability to link the
output from an SOM to the inputs of a machine-learning algorithm
tool like C4.5, CHAID, or CART, which is possible with some of the
new data mining suites, or toolboxes like Clementine.
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Keep in mind that neural networks are basically memories: they
do not compute solutions as much as remember answers. As such,
the data samples that are used to train a network are critical in
determining the accuracy of the network model. If the memory is
organized in the proper way, then the look-up table of that net-
work and its core weights, which is really what networks are all
about, will generalize in a manner which will be very accurate.
Despite the rap networks take for being black-box wonders from
which no explanation to their solutions is forthcoming (which,
ironically, may be said for regression), they are very good tools.
Neural networks are good data mining tools for classification and
prediction and work best when used in conjunction with machine-
learning and genetic algorithms.

Neural Network Tools

Most of the work involved in the use of neural networks is in the
preparation of the data. Luckily, most of today’s data mining tools are
sophisticated enough to handle the dirty work involved in such tasks
as balancing the data. (Balancing is using an equal sample of positive
and negative cases (Buyers vs. Non-Buyers) to train a network.)
Another task involves the scaling of the data; converting all inputs to
a range from 0 to 1 and back in the output. This may also involve
using functions for dealing with skewed data sets, such as taking the
logarithm or the square root of their values prior to passing the data
through a network. Still another task involves converting categorical
inputs into either 1-of-N values or thermometer values:

If Number of Children is: 1-of-N Value Thermometer Value

0 00001 0.5000

B 1 00010 0.7500
2 00100 0.8750

3 01000 0.9375

N 4 10000 1.0000

The following data mining tools incorporate back propagation
and, in some instances, SOM networks for classification. Most of
these tools are mature, third- or fourth-generation versions of their
software, which provide some functions for data preparation and bal-
ancing of inputs prior to training and model creation. Care must still
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be taken in their use, since they do require some adjustments, such as
the selection of their topography and the setting of learning rates.
The next generation of these tools is also beginning to incorporate
genetic algorithms to optimize their settings and improve their
results. These groups of tools include: 4Thought, BrainMaker,
INSPECT, MATLAB NN Toolbox, ModelQuest, NGO, Neural Works
Predict, NeuralWorks Professional II/PLUS, Proforma, PRW, SPSS
Neural Connection, and Trajecta.

A common sense rule for determining when to use a data mining
tool based on a neural network involves the following considerations:

= Are you dealing with a complex problem involving much input
and which does not require a true model or a clear-cut solution
with absolute accuracy?

= Will being close be good enough?

= Are you trying to solve nonlinear problems, that is to say, is there
a clear-cut relation between your inputs and outputs?

®  Are you dealing with very large amounts of historical data?

= Do you need a solution quickly, and does that solution require an
explanation (will a “black box” model do)?

If in your opinion your problem meets these requirements, then
the use of a neural network tool will work for you. However, a neural
network solution should be avoided in situations where a problem
requires a robust model. A neural network should also be avoided in
situations where a clear understanding or an insight into the pattern
you are trying to discover is required. Some neural network tools
provide sensitivity reports, which enable you to see some of the rela-
tionships between the inputs and your desired output.

Machine-Learning Algorithms

Machine-learning algorithms are commonly used to segment a data-
base, with their output being either in the form of a decision tree or a
series of IF/THEN rules. They commonly work in supervised learning
situations where they attempt to find a test for splitting a database
among the most desired categories, such as “website visitor will buy vs.
will not buy.” In both instances these algorithms seek to duplicate the
protocol that a skilled statistician would follow in analyzing a data set:
to identify important data clusters of features within a database.

Data mining tools incorporating machine-learning algorithms such
as CART (classification and regression trees), CHAID (chi-squared
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automatic integration detection), ID3 (Interactive Dichotomizer), or
C4.5 or C5.0 will segment a data set into statistically significant clus-
ters of classes based on a desired output. As noted, some of these tools
generate “decision trees” that provide a graphical breakdown of a data
set (a sort of map of significant clusters), while others produce
IF/THEN rules, which segment a data set into classes that can point
out important ranges and features. Such a rule has two parts, a condi-
tion (IF) and a result (THEN), and is represented as a statement:

If Customer code is 03

And Number of purchases made this year is 06
And ZIP Code is 79905

Then PROSPECT will purchase Product X
Rule’s probability: .88

The rule exists in 13000 records.

Significance level: Error probability < 0.13

A Measure of Information

Most of these types of data mining tools evolve from two lines of
research and development. The first is from the area of statistical
decision trees and the other in machine learning, such as the ID3.
Mathematician J. Ross Quinlan, in his ID3 system, introduced and
popularized the concept of today’s data mining decision tree tools.
There are two main types of decision trees: binary and multiple
branches. A binary decision tree splits from a node in two direc-
tions with each node representing a yes-or-no question. ID3 is a
program that can build trees automatically from given positive and
negative instances. Each leaf of a decision tree asserts a positive or
negative concept.

To classify a particular input we start at the top and follow asser-
tions down until we reach an answer. For example, in the ID3 algo-
rithm, the sequence of fields that are selected as predictors is
determined by a measure of entropy. This information measure is best
for the attribute whose value, when known, minimizes the departure
of your guess, or prediction, from the actual value of the dependent
variable. Other fields are then examined for their ability to further
differentiate values in the decedent nodes of the resulting tree. The
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ID3 algorithm works by computing the entropy associated with each
attribute. The calculation is made as follows:

N

H(C) =-3%, p(¢;)log, p(c;)
i=1

Rather than work you through the math, suffice to say that ID3
performs a measurement of entropy or noise in order to measure the
amount of data an attribute contains. The overall entropy of the clas-
sification is the expected amount of information that will be gained
when the class is specified. For example, let’s say you are trying to
determine which attribute contains the most information in the clas-
sification of fruit:

“What is it, a banana, an apple or an orange?”

Data Attribute Information Gain
It’s 7.8 oz. Weight Little
It’s round. Shape Some
It’s red. Color Most

Figure 3-9 is an example of an ID3 decision tree. Notice that ID3
forms a branch for unique clusters with similar income categories.
ID3 is the precursor to C4.5 and C5.0, which were developed also
by Quinlan and use a criterion known as information gain to com-
pare and generate potential splits within a data set. C5.0, the newest
and latest algorithm, uses the ratio of the total information gain due
to a proposed split to the information gain attributable solely to the
number of subsets created, as the criterion for evaluating proposed
splits. The ID3 and C4.5 algorithms are based on concept learning,
where the number of branches equals number of categories for pre-
dictor outputs. ‘

The Rules

Machine algorithms, which are the core technology of most deci-
sion tree and rule-generating data mining tools, take a “divide and
conquer” approach. In any given data set, such as your log files or
forms database, the algorithms look at the attributes (domain,
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————

. Figure 3-9

A decision tree
can segment
your website
customers based
on different
attributes, such
as their income,
age, gender,
domains, or
location.

referred engine, age, gender) and perform a test at a node of a tree
or a rule in order to generate a number of possible branches or
IF/THEN statements. If the attribute that is tested at a node is a
nominal one, the number of branches in the decision tree are usu-
ally the number of possible values of the attribute (for example, for
gender, it will be Male, Female, or Unknown). If the attribute is
numeric, the nodes in a decision tree usually test whether its value
is less than a predetermined constant, giving a two-way split.
(Missing values in a data set are treated as an attribute value in their
own right. Consideration is given to the fact that a missing value
may be of some significance.)

" Some data mining tools are able to generate decision rules directly
from a database and offer a popular alternative to decision trees. It is
also possible to read a set of rules directly off a decision tree, with one
rule being generated from each leaf.
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e ——————
Figure 3-10

Rules can be
generated from a
decision tree.

The Trees

Product = Accessories, Modems, Desktops, or Printers

IF

THEN HTM = Browsing/E-mailMe.htm 66.0%
HTM = OrderForm.htm 34.0%

IF Product = Desktop or Monitors

THEN HTM = Browsing/E-mailMe.htm 83.0%
HTM = OrderForm.htm 17.0%

IF Product = Drives

THEN HTM = Browsing/E-mailMe.htm 41.3%
HTM = OrderForm.htm - 58.7%

IF Product = Notebooks

THEN HTM = Browsing/E-mailMe.htm 72.9%
HTM = OrderForm.htm 27.1%

Note that these rules are the same as those displayed in Figure 3-10
and can be generated by the software.

There are many algorithms for generating decision trees. The CART
algorithm generates binary trees (2 splits) it rates high on statistical
prediction. It generates two branches from each nonterminal node
and uses cross-validation and pruning to determine the size of the
tree. Its output or response variable can be quantitative or nominal.
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CART splits a data set on the basis of diversity, and it looks at all the
variables in a database to determine which ones make the best sepa-
rators or splinters. The best separators are those data fields that do
the best job splitting a database into groups where a single class is
dominant. Its inputs or independent predictor variables can be nom-
inal or ordinal, with continuous predictors also being supported.

Then there is the AID family of algorithms: AID, THAID,
CHAID, MAID, XAID, FIRM, TREEDISC, etc. These algorithms,
the most popular being CHAID, are based on the concept of detect-
ing complex statistical relationships. They generate decision trees
where the number of branches varies from two to the number of cat-
egories of predictor. A key difference between CHAID and CART or
C4.5 is that CHAID is highly conservative; it stops growing trees in
an effort to avoid overfitting. CHAID also only works on categorical
variables. All of these algorithms segment data sets on the basis of sta-
tistical significance tests, which they also use to determine the size of
their tree. AID, MAID, and XAID were designed for quantitative
responses, while THAID, CHAID, and TREEDISC are for nominal
responses. Some data mining tools combine two or more algorithms,
such as KnowledgSEEKER, which uses CART, CHAID, and ID3, or
Clementine, which uses ID3 and C5.0. The algorithm CS5.0 is avail-
able from Quinland’s own company, Rulequest.

The Trees vs. The Rules

Decision trees are popular in many areas of marketing and can also
be used to analyze web-based data. The advantages of decision trees
are found in their ability to generate understandable business rules in
a decision-support environment and the ability to model nonlinear
relationships with logical rules. ID3, and its successors C4.5, C5.0,
CART, CHAID, and other variations of machine-learning algorithms,
perform somewhat the same process on a database: they split it into
classes that differ as much as possible in their relation to a selected
output. In other words, a database is split into subsets according to
the results of statistical tests conducted on an output by the algo-
rithm—not the user. CART, developed by L. Briemen in 1984, builds
binary trees that allow the classification on the basis of the attributes,
which are the best splitters and separators. CHAID, which was devel-
oped nearly a decade before by J. S. Hartigan in 1975, was designed
for purposes of detecting statistical relationships in data and is
restricted to categorical variables.

In general, rules are more complex than necessary, and rules
derived from trees are usually pruned to remove redundant tests.
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Rules are not notably more compact than a tree, though, and in fact
they are just what you would get by reading rules from a tree. In some
situations, however, rules are considerably more compact than
trees—particularly if it is possible to have a default rule that covers
cases not specified by the other rules. One reason why rules are pop-
ular is that each rule seems to represent an independent insight into
database. New rules can be added to an existing rule set without dis-
turbing ones already there, whereas making an addition to a tree
structure reshapes the whole tree. Most rules can often achieve sur-
prisingly high accuracy, perhaps because the structure many real-
world data sets exhibit is quite rudimentary, and interactions between
the attributes can be safely ignored.

Automatic Segmentation

The process of stratification or classification is automated by
machine-learning algorithms on the basis of the data—rather than the
hypothesis, ‘or hunch, of the user. Attributes are chosen to split the
set, and a tree is build for each subset, until all members of the sub-
sets belong to the same class. Which algorithm is best for you is
dependent on the nature of your data mining problem.

Keep in mind what each of the algorithms were designed to do
and how they operate on the data. CHAID was designed to detect
statistical relationships between variables and is restricted to analy-
sis of categorical variables, such as low, medium, and high. CART is
designed to measure the degree of diversity of variables in making its
splits—it looks to see which variable is the best splitter or separator
in a database (in other words, which website customer attribute is
the best “splitter” between your buyers and browsers). ID3 and C4.5
use the concept of “information gain” to make these splitting deci-
sions: which online customer attributes tell you the most about buy-
ers and nonbuyers in your website. The information gained depends
on its probability as measured in bits as minus the logarithm to base
2 of that probability. The CART procedures induce strictly binary
trees while ID3 partitions by attribute values. CART also uses a sta-
tistical resampling technique for both error estimation and cost com-
plexity pruning. Lastly, keep in mind that the output for each of the
algorithms differs somewhat—almost all generate some type of deci-
sion tree with most also generating IF/THEN rules in varying
degrees of numbers. Remember that CART and ID3 can only gener-
ate binary trees, whereas CHAID, C4.5, and C5.0 produce multiple
branch trees.
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Figure 3-11

C = Website CNNCRCNCCCCNG
Customer; crncncncfoceone
N = Not crjncncncfeenc

Website crjncncncfoccone
Customers.

crncncncgccnc
cnncncncgccnc
cnrchcnccccocne

Machine Learning Your Site

Machine-learning data mining tools are specifically effective in dis-
covering patterns within websites and identifying clusters of prof-
itable customers, as Figure 3-11 shows.

The blocked clusters in Figure 3—11 represent common character-
istics within the data and can point to key relationships and patterns
hidden in your website data. They also provide to webmasters, mar-
keting, and management easy-to-understand statements about what is
occurring in a large website.

IF ZIP CODE (93011-94123]

AND REGISTRATION NO. (0051-0943]

AND USER ID NO. (4566]JK33-4558DL01]

THEN /WEBSELL/PRODUCTS8.HTM 87%

This rule can be broken down into the following components.
First, the ZIP codes point to a group of California ZIP codes 93011
through but not including 94123, for which demographic data can be
matched by percentage of households for multiple consumer
lifestyles. Next, a group of registration numbers was found: 0051
through but not including 0943, which represent a specific period in
time, for issue dates. Finally, a cluster of cookie identification num-
bers was isolated that seemingly represent an unknown association.
However, additional analysis may discover similarities in browsing
habits. In any event, when the combined factors of these conditions
occurred, the data mining process discovered a high propensity for
selecting PRODUCTS.HTM, which is one of the main pages for this
commercial website.
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A key difference and value of machine-learning algorithms over
statistical classification systems such as regression is that they are able
to classify separate areas in data space. For example, these types of
data mining tools can discover islands of web customers which a
regression approach would find difficult to classify. There are several
ways that a website visitor can be identified as profitable. One type of
client may make multiple purchases of low-dollar items, while
another profitable customer may make single high-dollar purchases;
in-both instances they represent online sales.

Machine-Learning Tools

A good strategy in selecting the right algorithm is to try multiple tools
using a single data set on the same dependent variable and then see-
ing the results and evaluating the accuracy of the tree. Keep in mind
also that you will often encounter more than one data set that may
require having access to all of the main algorithms since they work on
different data variables and data sets with different results.

The following data mining tools excel in their ability to handle large
numbers of attributes and records, estimate statistical significance, han-
dle both categorical and numeric attributes, learn transparent rules, and
improve incrementally. This group of machine-learning-based data
mining tools includes: AC2, Alice, Business Miner, Clementine, C5.0
(RuleQuest), CART, Cognos Scenario, Data Surveyor, Decisionhouse,
IDIS, IND, KATE-Tools, KnowledgeSEEKER, Preclass, PO->R, SAS
Enterprise Miner, SuperQuery, Profiler, and WizWhy.

Using a decision tree tool like KnowledgeSEEKER, a database can
be segmented into statistically significant clusters very quickly. Like
other high-end data mining tools, KnowledgeSEEKER contains mul-
tiple algorithms: CART, CHAID, and ID3. A unique feature of this
tool is that it runs CART and CHAID concurrently. This means both
continuous and discrete dependent and independent variables can be
modeled without pre-processing, splitting, or scaling of your data.

-
Figure 3-12  The leaves of a decision tree are classes of website customers.
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The tool generates Multivariate Decision Trees, IF-THEN rules, and
SQL syntax. In the example in Figure 312, the data mining tool was
able to generate a decision tree identifying a key astribute (credit
ratio) and intervals (dollar ranges) differentiating between customers
who purchased a product online and those who did not.

Genetic Algorithms

A genetic algorithm (GA) is essentially a program version of the evolu-
tionary process. The main difference of course is that in a system a pro-
gram can be modified in microseconds. GAs are really optimization
program routines, guided by the principles of natural evolution. They
are search procedures based on the concepts of natural selection and
genetics. GAs represent a robust alternative to linear programming and
mathematical optimization techniques. For an electronic retailer it rep-
resents a technology for optimizing the design and arrangement of how
its website positions and communicates with its visitors.

Coupled with neural networks and machine-learning algorithms,
GAs have a tremendous potential for mapping web visitor patterns
and optimizing website design. Because of their inherent design they
are highly malleable and well suited for the dynamic environment of
the Web. John Holland developed the first GAs at the University of
Michigan during the 1970s. Dr. Holland was impressed by the ease
with which biological systems could perform tasks that defeated pow-
erful computers. He observed that evolution took place in small
increments at the chromosome level and that nature tended to be
biased toward some chromosomes that produce a more “fit” organ-
ism. The basic concept that Holland developed involves how sto-
chastic searches take place: rather than operating on a single solution
to the problem at hand, GAs operate on a population of solutions.

Code of Survival

To use a GA you must encode solutions to your problem in a struc-
ture that can be stored in a computer. This encoded solution is called
a genome or chromosome. These chromosomes are a population of
possible solutions, in essence a set of character strings that are analo-
gous to the base-4 chromosomes that we see in our own DNA. The
trial solution—where numbers are used for the input variables—will
have a result or output function, which describes the quality of the
trial solution. The output is commonly called the fitness, since it
describes how “fit” the trial solution is. The fitness function typically
has a number of different inputs. For instance, the fitness function for
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a response to an offer in your website may have such input variables
as the connect time, the number of days since last purchase, the cus-
tomer’s ZIP code, or the total amount of purchases.

Each population member will therefore have an identical number of
genes, or input variables. The GA creates a population of genomes,
then applies crossover and mutation to the individuals in the popula-
tion to generate new individuals. It uses various selection criteria so
that it picks the best individuals for mating and subsequent crossover.
The key to GAs is the “objective function,” for it determines how
“good” each individual is. Also important is how genomes or chromo-
somes are structured as possible solutions (inputs) to a fitness function.

Genetic algorithms are based on the concept of schemata as devel-
oped by John Holland in the early 1970s. A schema is simply a tem-
plate for representing the possible patterns of a given solution, which
with GAs is represented as a genome or a chromosome. This schema
is represented in a series of sequential symbols of 1s, 0s, and *’s in a
fixed position. For example, the schema of **01 is the following
genomes: 0001, 1001, 1101, and 0101—these chromosomes all end
with 0 followed by 1. They are also encoded structural solutions to
problems a computer can process. The relationship between a
genome and a schema is that when they match, they survive.

The fitness of a particular schema is the average fitness of all the
genomes that match the schema in a given population. For example,
the fitness of the above sample is the average of the genomes 0001,
1001, 1101, and 0101. Holland found that the shorter the defining
length of a schema, the more likely it was bound to survive from one
generation to another. The defining length of a schema is the distance
between the outermost fixed positions. For example, the defining
length of 110111 is 6 (7 - 1). Low-order schema are the code of GAs
which build from one generation to another, with the fittest surviving
and mixing with others to evolve into fitter solutions. Holland’s
Schema Theorem explains how GAs are really searching through pos-
sible schemata to find the most fit solutions for the next generation.
Holland worked primarily with strings of bits, but you can use arrays,
trees, lists, or any other object. What is important is that you must
define the genetic operators: reproduction, crossover, and mutation.

Reproduction

This is the process by which a program evaluates strings copied accord-
ing to a desired output, with strings with high values likely to contribute
an offspring or more to the next generation. GAs work by starting with
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relatively poor trial solutions, that is, population members with poor fit-
ness. The first process, reproduction, involves an exchange of informa-
tion between population members. Selection keeps the size of the
population constant but increases the fitness of the next generation.

Selection is similar to the process of “natural selection” in nature,
where only the fittest individuals in the population survive to pass
their genetic material on to the next generation. The chance of the
genome surviving to the next generation is proportional to its fitness
value. For example, let’s say you are attempting to determine the set-
ting of x and y coordinates in order to maximize z on a surface. In
this instance, your inputs are x and y with z being your output. The
first step would be to create a population of random possible solu-
tions, in this case some coordinates being better than others:

1.x =2.0,y = 4.0
2.x =13,y =3.5
3.x =25,y =6.0
4.x=45,y=35.0
5.x=3.0,y =25
6.x=15,y=435

You next rank your solutions (selection) and keep the best coordi-
nates, which yield the better results:

1. x =45 y = 6.0 keep

2. x = 3.0 y=35.0 keep
3. x =25 y =45 eliminate
4. x=2.0 y =4.0 eliminate
S. x=15 y = 3.5 eliminate
6. x=13 y =25 eliminate

Crossover

When crossover occurs, two strings exchange information that yields
new combinations of scenarios. Survival is based on choosing the
genomes in a random way proportional to their fitness. This involves the
selection of two individuals, the selection of a crossover site, and the
exchange of values between the two strings. Crossover, which occurs in
nature, creates two new genomes from two existing ones by gluing
together pieces of each genome. When population members mate, they
cross gene values over to their partner, resulting in a “trade” of values.
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This mixes up the information in the gene values of the population
members, creating new and diverse “offspring.” Our example of those
higher ranked coordinates would follow this process as follows:

Prior to Crossover After Crossover
Scenario 1. 2.5,6.0 4.5,2.5
Scenario 2. 4.5,5.0 6.0, 5.0
Mutation

Mutation is a source of variation used to maintain diversity in a pop-
ulation of possible scenarios. In a binary-coded genetic algorithm, it
is the occasional alteration of a bit position. Once the crossover has
taken place, the offspring undergo mutation. The values of the indi-
vidual genes of population members can be changed, or mutated.
Mutation is important in evolution because unlike crossover (which
merely trades genes), new gene values are introduced. This further
increases the diversity of the population members.

Reproduction and crossover do a good job of searching the space
for possible solutions, but they depend on initial conditions and ran-
domness that might not happen; mutation provides the additional
catalyst for new combinations to occur. Mutation, however, is held to
a minimum because radical changes can be as destructive as they are
productive. They should only be used to avoid premature conver-
gence to a local optimum.

Once crossover and mutation have occurred, the new population
members will replace the old ones if they are better. In this fashion,
population members can have improved fitness with each new cycle
(or generation) of crossover, mutation, and natural selection.
Program users typically want to maximize or minimize the fitness, so
the survival of the fittest action is governed by whether the new fit-
ness is better or worse than the previous generation’s fitness. The
resulting process yields a steadily improving solution to the problem,
often identifying the optimum solution in a surprisingly short time.

A Step-by-Step Example Using a Binary-Coded GA

1. Objective: Maximize the function.

F(x) = X2 (Objective)
Where 0 = < X = < 31 (Range)
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2. Code the schema. Use a binary string of length = 5.
Example: 11000 => 1 x 244+ 1 x23 + 0x22
+0x214+ 0x20=24
3. Reproduction of the initial population, ¢.g., 4 strings:
String Number String X Fitness % of Total
1 00010 2 4 1.8%
2 00011 3 9 4.0%
3 01110 14 196 87.1%
4 00100 4 16 7.1%

Average Fitness = 56.25

Initiate reproduction via a roulette wheel four times to get the

following:
String Number String Number of Hits
1 00010 0
2 00011 1
3 01110 2 R
4 00100 1

4. Crossover. Members of the newly reproduced chromosomes
are mated at random. Suppose string numbers 3 & 4 and 3 &

2 are mated.

For 3 and 4 Split Before After
String 3 01110 01110 01110
String 4 00100 00100 00100
String 2 00011 00011 01011
String 3 01110 01110 00011

5. Mutation. Supposing we selected p = .002, we would expect
20(.002) = .04 bits to undergo mutation.
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6. The new population is:

String Number  String X Fitness % of Total
1 01110 14 196 53.1%
2 00100 4 16 4.3%
3 00110 6 36 9.8%
4 01011 11 121 32.8%

Average Fitness = 92.25

This process continues to iterate until an acceptable solution is
arrived at.

Data Mining with Genetic Algorithms

Genetic algorithms work by evolving successive generations of solu-
tions, which get progressively better by splitting and matching. As
with nature, the idea is that only the fit survive. As such, GAs are
optimization engines, which are currently being used in data mining
applications to improve the performance of neural networks. Most
data mining tools are designed for discovery, while genetic algorithms
are really tools for optimization. However, when used in tandem a
GA can be used to optimize the performance of a neural network in
classification and prediction. Although not as common in today’s
data mining tools, genetic algorithms are beginning to make their way
into the standard methodology of optimizing the performance of
neural networks. Several data mining tools are incorporating both
neural networks and genetic algorithms, using the GA to optimize the
settings, the topography, and the learning rate of the neural network
in order to improve their overall performance.

Genetic algorithms can also be used in conjunction with rule gen-
erators to achieve higher performing prediction rules. The approach
involves (as with most GAs) establishing a fitness function, in this
case a classifier error rate. The genomes or chromosomes are the set
of rules generated by a machine-learning algorithm. The idea is to
focus on the generation of IF/THEN rules and then go through the

" recombination and mutation of these chromosomes (rules) in order
to weed out the weakest ones so that the fit rules meet a minimum
cluster size (accuracy rate). The process involves establishing classi-
fier committees, which are sets of distinct classifiers whose predic-
tions are averaged:
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Rule 1: 0.93 IF Age 32 THEN will purchase product X
Rule 2: 0.66 IF Gender M THEN will purchase product Y
Rule 3: 0.87 IF Prior Sale Y = THEN will purchase product Z

Committee Average: 0.82

Average propensity to purchase product groups X, Y, Z

Repeated runs of the genetic algorithm system are performed
using different random number seed rules. The process involves all
three steps (reproduction, crossover, and mutation) to insure poor
rules (classifiers) are eliminated by the committees. The concept of
using genetic algorithms with machine-learning algorithms is meant
to optimize the search space and improve the overall accuracy of their
predictive models.

There are few commercial genetic algorithm data mining tools in
the market, making-it difficult to incorporate the technology in the
analysis of your web data. On the desktop level there is Evolver, an
add-on to Microsoft Excel. The product has been around for some
time and is quite robust and built on solid theory. From the
Netherlands there is a newer package called The OMEGA Predictive
Modeling System, which uses a GA to optimize the learning process.
Another tool known as the NeuroGenetic Optimizer (NGO) incor-
porates a GA with back-propagation and Self-Organizing Map
neural networks. On the high-end there is the NeoVista Solutions
software, which includes a genetic algorithm module as part of its
data mining suite of tools. Public code is also available from several
universities on the Web for those who wish to develop their own
applications.

Genetic Algorithm Applications

One of the most intriguing applications of GAs is in the area of
retailing, specifically for the optimization of product shelf display
size and location. Several retailers have begun to use GAs to design
or improve their store and product layouts to maximize revenue
opportunity given various store demographics. One of the problems
retailers have, much like large e-commerce websites, is dealing with
a large volume of products. Coupled with this are the changing and
diverse demographics of store shoppers, each requiring a detailed
and accurate reorganization of unique products for each store.
E-commerce websites selling multiple products and services experi-
ence the same problem.
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The current solutions require extensive planning and resources,
but GAs are ideal for this type of logistics problem, which is rapidly
replicating itself in a large scale on the Web with large electronic
retailers. Coupled with the problem of design is the problem of
inventory control, which again GAs can optimize, by reducing over-
stock and out-of-stocks and increase inventory forecast accuracy.

Through the use of GAs, websites can also maximize their sales by
improving their web design and product (web page) organization for
improved cross-selling. GAs can improve the use of inventory dollars
and increase the affinity grouping of products based on website visi-
tor demographics. Affinity grouping can also assist in the positioning
of product items based on web customer profiles, much like retailers
are currently doing it with the aid of GAs. The concept of evolution-
ary retailing is one of using GAs and neural networks to optimize the
design and functionality of online storefronts and portals to maxi-
mize retail space design.

The Al Cousins: Case-Based Reasoning and Fuzzy Logic

Two other Al-based technologies have the potential of assisting you in
the optimization of your electronic retailing efforts and customer ser-
vice. One is case-based reasoning (CBR) and the other is fuzzy logic.
Although few data mining tools include their technology, you still
should know something about how they work, what they are capable
of doing, and how you may be able to deploy them in the future.

Case-Based Reasoning (CBR)

A CBR system works by matching new problems to “cases” from a
historical database, and then adapting successful solutions from the
past to current situations. CBR has typically been used for customer
support, quality assurance, and maintenance applications. In these sit-
uations, CBR maintains an institutional memory of prior problems so
that when a new call comes in, old solutions are retrieved and
matched to answer similar new problems. CBR is a simple yet pow-
erful method of indexing, which is more akin to remembering than to
learning, the way the other data mining technologies operate.

CBR is a collaborative system that stores case samples of solutions
it then uses to recommend fixes to new problems. The most common
use of this indexing system is with trouble help desks, where CBR
technology is used to respond to problems by finding similar cases in
its memory, and adapts the solution that worked before to the current
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problem. CBR technology was developed originally in the 1980s,
most prominently from the work of Roger Schank at the Yale
University Al lab. Obviously, a similar application can be found in the
collaborative filtering software, like Firefly for recommendation of
products and services based on case samples.

CBR works by maintaining a database of known records, so for
example, you could store a database of prior website customers
who’ve made large dollar purchases. Using this CBR engine you
could profile new website visitors who match the prior website cus-
tomers for classification and prediction. CBR uses distance and com-
bination functions to do the matching between old customers and
new visitors. CBR is also quite adaptive, so as new customers are
identified new types of neighborhoods are created, permitting new
web visitors to be targeted.

The whole concept is that of association: new website cus-
.tomers likely to respond to an offer are probably similar to previ-
ous customers that responded in the past to like offers and
incentives. CBR works easily with all types of data, including non-
relational text and images. Still, there are drawbacks. CBR requires
a large amount of historical data for finding neighbors. The classi-
fication of new records can require processing all the historical
records to find the similar profitable neighbors. It is also highly
computationally and storage intensive. The strengths of CBR are of
course its simplicity, which boils down to: “I think this website vis-
itor will respond to this ad because he is a lot like these other web-
site visitors who clicked on the link.”

The number of vendors offering CBR technology is limited.
Inference’s CBR Express is one. The most immediate application of
CBR technology is to the area of customer service, where visitors can
interact with a CBR engine in order to come up with solutions that
have previously been resolved.

Fuzzy Logic

The name is deceptive; it should really be “continuous value logic,”
which provides a superior method of information modeling.
Conceived in 1965 by Lotfi Zadeh, an engineer and professor at the
University of California at Berkeley, fuzzy logic provides a method of
reducing as well as explaining system complexity. Dr. Zadeh was con-
cerned with the rapid decline in information afforded by traditional
mathematical models as the complexity of the target system increased.
He expressed his theory as follows:
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As the complexity of a system increases, our ability to make precise
and yet significant statements about its behavior diminishes until a
threshold is reached beyond which precision and significance (or rel-
evance) become almost mutually exclusive characteristics.

Much of this complexity, he realized, came from the way in which the
variables of the system were represented and manipulated. Since these
variables could only represent the state of a phenomenon as either on
or off, the math necessary to evaluate operations at various “border”
states became increasingly complex, which at some point became a
morass of equations providing little insight about the underlying
process. Zadeh called this state the principle of incompatibility.

Fuzzy logic is a calculus of compatibility. In fuzzy logic there is no
black or white, there is instead a degree of gray in both. Everything
is measured in degrees of membership. Fuzziness, the measure of how
well an instance (value) conforms to a semantic ideal or concept,
describes the degree of membership in a fuzzy set. This degree of
membership can be viewed as the level of compatibility between an
instance from the set’s domain and the concept overlying the set. For
example, in the fuzzy set WILL BUY, the value YES has a degree [.31]
meaning that it is only moderately compatible with WILL BUY. This
is called a “measure of fuzziness” because it is used to assess the
degree of ambiguity or uncertainty attached to each fuzzy set. It is
important to realize that a website visitor can be a member of differ-
ent fuzzy sets simultaneously:

IF WILL BUY THEN [.31]
IF WANTS INFO THEN [.35]
IF WILL NOT BUY THEN [.34].

More and more, fuzzy logic is being used with neural networks,
much like genetic algorithms. However, it is not being used at the
front end of neural networks, to optimize their setting, but instead to
explain their “black-box” findings. The key benefit of fuzzy logic is
that it allows for imprecise states to be categorized with simple
“IF/THEN” relations, which are easy to verify and optimize.
Conversely, a key benefit of neural networks is that they learn from
data sets; thus a combination of both technologies provides the best
of both worlds. One data mining vendor who already incorporates
this type of fuzzy logic and neural network mixture is DataEngine
from Management Intelligenter Technologien GmbH. For the Web
data miner, fuzzy logic offers a powerful technology for data com-

Amazon/AlmondNet
Exhibit 1009
Page 131



Networks and Algorithms ) 117

pression and insight from the hundreds of thousands of online pat-
terns. Fuzzy logic is also being used as a new method of buying and
selling stocks and eventually retail products via the Web by the
OptiMark system.

Conclusion

It is important to remember that today’s data mining tools stem from
the three branches of artificial intelligence designed to emulate
human perception, learning, and evolution. It is equally important to
understand how to strategically position these tools in order to
enhance the value of your website and electronic retaining presence.
Incorporated in today’s modern data mining tools are technologies
that can extract powerful knowledge and insight about your online
customers in the form of business rules, C code, decision graphs for
segmentation, classification, prediction, clustering, and optimization.

Don’t limit yourself to just one tool or one technology; multiple
tools are best for pruning your data and optimizing the process of
learning. Use a tool incorporating a machine-learning algorithm to
compress your data and to identify the important attributes in your
data. Use a neural network to converge on a model, using the attri-
butes identified by the machine-learning algorithm. Use a genetic
algorithm to optimize your neural network to improve the accuracy
of your model. Use a fuzzy logic system to extract rules from a neural

. network.

Finally, recognize that these core Al technologies may soon migrate
to software other than data mining tools. Some of the segmentation
algorithms like C5.0 or CART may soon be incorporated in web
analysis software. Likewise, neural networks may soon become a part
of new electronic retailing server products. What is important is that
you be aware of how each of these technologies can improve your
online sales by allowing you to retain and attract your current and
future customers. Just as physical retailers like Wal-Mart have used
genetic algorithms and neural networks to optimize their stores, so can
they be utilized to optimize electronic retailing sites like Amazon.com.
The core technologies of data mining are quite mature and robust,
having been around for years; how they are used in the new interac-
tive networked environment that is the Web will provide some unique
new challenges for e-miners, e-marketers, and e-merchants.
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Ten Steps to Mining Your Data

The mining of your web data starts well before you begin using a data
mining tool, and it continues well after your analysis. Several steps
are involved prior to the actual analysis of the data in order to ensure
the data mining process is a success and a profitable endeavor.
Although the data mining tools simplify and automate the analysis of
databases, care must be taken in using them or they may lead to faulty
findings and erroneous conclusions.

Identify Your Web Business Objective

The mining of your website involyes some advanced planning about
what type and level of information you intend to capture at your
server and what additional data you plan to match it with. This by
itself will ensure your data mining efforts will yield measurable
business results. For example you need to plan with your web team
what kind of log, cookie, and form information you intent to cap-
ture from your visitors and at what juncture. Next you need to
involve your business, sales, and marketing teams in deciding what
kind of demographic and household information you need to pur-
chase to merge with your server data. In addition, you should con-
sider bringing in your information system team for the possible
incorporation of your datamart or data warehouse and customer
database into the mix.

This advance planning can save you time and money in your data
mining efforts. It can also translate into quicker results and thus
ensure your success in the mining of your website. Keep in mind the
principle that having more data is better than not having enough.
Keep also in mind what your business and marketing goals are and
what kind of data is required in order to achieve them. For example,
if your goal is to prevent customer attrition, then you are likely in
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need of developing a “churn” model. In order to construct such a
model you should secure samples of customer accounts that have
recently closed or terminated so that your analysis can examine the
patterns and differences between customers who are active and those
who are inactive.

This preplanning step may require the use of modeling tools and
techniques for building a blueprint for creating a road map to the
data mining initiative. Modeling techniques can form the foundation
to the mining application and ensure it meshes with the actual busi-
ness requirements. This modeling initiative can also alert you to pos-
sible obstacles, such as the lack of access to certain data for the
analysis. Another benefit is that it ensures you document your data
mining efforts. Process-modeling tools also provide a benchmark for
measuring improvement and a common language for communicating
across your firm and the various teams and management. The fol-
lowing are a few of the modeling tools you can use to ensure a suc-
cessful data mining project:

Product Vendor ‘Website

Corporate Modeler Casewise Systems casewise.com

ProCarta Domain Knowledge domainknowledgeinc.com
Aris Toolset IDS Scheer ids-scheer.com
LiveModel IntelliCorp intellicorp.com
WorkFlow Modeler Meta Software metasoftware.com
Designer/2000 Oracle oracle.com

Aion Platinum Technology  platinum.com

ProVision Workbench  Proforma proformacorp.com

Visio Visio visio.com

Before you begin a data mining project, be clear on what you hope
to accomplish with your website analysis. The mining of your web
data must be looked on as a strategic competitive move, which like
all other business initiatives should have a measurable goal. Most
likely you will not be performing a data mining project in a vacuum;
other divisions or individuals in your firm are likely to be involved in
the project. For a large retailing website this may include the follow-
ing individuals:
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Server Engineer

Internet Engineer

User Interface Designer

Web System Administrator
Web Technologist

User Interface Analyst

Brand Manager

Internet Application Developer
Online Documentation Manager
Web Partner Services

Web Account Manager

Web Producer (Marketing)
Software Developer

Graphic Artist

Web System Designer

“Website Analyst

Production Engineer
Production Content Manager
Design Lead

Web Content Producer
Promotions Manager

Web Publisher

Forum Manager

Web Content Editor

Web Marketing Editor

Web Administrator

Web Designer

Partner Advertising Administrator
Production Marketing Manager
Web Content Publisher

Ensure they participate in the establishment of expectations, whether
in terms of online sales, web traffic, or other measurable goals. Most
likely you are already aware of the current state of affairs with your web-
site, your Internet presence, and electronic retailing efforts. These are
some of the questions you may want to consider at this juncture:

1. How much of an improvement do you need on your advertising
or customer response rates?

2. What area of your website do you hope to improve by data min-
ing customer transactions?

3. Is the business goal of your data mining analysis measurable, and
if so, what is your baseline for success?

Recognize that you need to do some documentation regarding your
data mining analysis both prior and after your analysis. The data min-
ing of your transactional data will definitely have positive results on
your website operation and overall bottom line, so the question you
need to frame is “by how much?” What you need to be clear on is by
how many responses, e-mail requests, online sales, clickthroughs, etc.

Baseline
One way of establishing these baselines is by looking at the current
rate of sales for each of your main product lines. For example, if only

80 out of every thousand website visitors click through and purchase
Product A on your website, then your baseline for that product is 8
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percent, and your data mining goal will be to increase that rate for
Product A. If you have multiple products, you need to establish base-
line rates for each, or at a minimum do it for main product lines, so
you can begin to gauge the impact your data mining analyses are hav-
ing on your overall sales and marketing efforts. You need to establish
some general baselines, whether it is in the form of average respond
rates or average sales, in order to measure how much better data min-
ing works over random chance. For starters here are some possible
business goals for the mining of your web data.

Are you looking to identify potential new website customers? This
is probably the most common data mining objective. Classification
most commonly involves discovering the attributes, characteristics, or
features of your website customers. This objective is best achieved by
having as much information as possible about who buys and who
doesn’t while in your website. Classification typically involves distin-
guishing between revenue web visitors and nonrevenue web visitors.
Classification is a clear-cut black-and-white prediction.

In order for a data mining tool, such as a neural network, to learn
the unique features of your website customers, it needs to be trained
with a large number of samples. You will need examples of website cus-
tomers with a large number of features, which you can begin to gather
in advance of the actual data mining analysis. Start by designing your
registration forms to capture as much as you can about your customers.
Explore how you can link your website data with existing internal data-
bases such as your customer information file or your data warehouse.
Plan to invest in the purchasing of external demographic or other third
party data, which can be overlaid with your web data to enhance its
value.

Are you looking to find specific website product sales trends? Are you
looking to find revealing online trends or relationships between certain
web pages representing individual products or services? In other words,
is your data mining goal that of discovering a unique online association?
This type of discovery can assist you in the positioning of certain web
pages, offers, incentives, and links. The discovery of an association
between unique products and services can in fact impact your overall
website design. If they click on Product001.htm, what is the probability
they will click on Product002.htm, Product003.htm, etc.? More impor-
tantly, what is the probability that if they buy Product003.htm, they
have a propensity to buy Product009.htm?

Are you looking to identify specific buying patterns over time in
your website? This may be a sequencing issue, which is usually an asso-
ciation problem with an additional dimension of time. Sequencing

Amazon/AlmondNet
Exhibit 1009
Page 137



Ten Steps to Mining Your Data 123

involves evolving trends and populations; in the case of your website,
this is usually monthly or weekly sales of certain products and services.
For high-traffic websites, like a search engine or a popular content
provider, this may be accelerated to hourly trends or patterns. Many
web marketing and electronic commerce forecasting problems involve
sequencing or time-series analyses with data being sampled at fixed
intervals of time.

Sequencing is generally more involved, since instead of looking at
a single recorded web transaction with one measured value for each
feature, are you instead looking at that same feature measured at dif-
ferent times. One of the most common web management problems is
attempting to anticipate traffic in the future: How many visits or sales
are you likely to have based on observed patterns over time? This is
clearly a sequencing problem. Another sequencing problem involves
online patterns once a web visitor or customer logs into your site.
Here the sequencing problem, which may be tracked by your cook-
ies, is trying to map the movement of your website visitors. This
involves mapping the path of your website visitors, which is very
much like association, but involving the additional element of time.

Keep in mind that prediction, association, classification, cluster-
ing, and sequencing are not exclusive goals and in fact may overlap
as a result of your data mining analysis. What is important, however,
is to be clear about the business objective, since it will influence both
how you select your data and tool and, more importantly, the format
of your solution. Have a clear focus on the business goal you are try-
ing to obtain.

Are you trying to increase response rate to a web campaign?

Are you trying to identify what products tend to sell together?
Are you trying to identify the features of large shopping carts?
Are you trying to identify the features of your most profitable clients?

Select Your Data

Once you’ve defined your business objective, your next step is to
choose the web server and company data for meeting this goal. Here
is a quick checklist:

» Is the data adequate to describe the phenomena the data mining
analysis is attempting to model?

= Isa common field in your web data being used for linking to other
databases?
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Can the data from your web be consolidated with your data

warehouse?

Will the data being mined be the same and available after the

analysis?

‘What internal and external information is available for the analysis?
How current and relevant is the data to the business objective?
Are the data sets being merged consistent with each other?
Who is knowledgeable about the data being gathered?

Is there redundancy in the data sets being merged?

What joints are needed for the various databases?

Is there lifestyle or demographic data available?
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Because visitors select and reveal what -
information they: are interested in get- .
“ting pushed to them in a registration- -
- form often requiring gender, age, and =

ZIP-code; important data’is.compiled

“ “becomes their " preference . profile:

- Some of the key players inpush tech- :

Intermind, : :
; . automatically. -

“nology are - BackWeb,
) NETdeIlvely, and N\anmba :

n BackWeb is able to push per-.

. sonalized content from multiple "
. sources, including’ Iegacy ﬁles in .
" real-time:. -

" 'm Intermind is able to mtegrate

' ‘legacy. and intranet systems via
Notes/Domirio. Extranet chan—
" 'nels are also available for cus-:
- tomer-support applications.

m " NETdelivery.is a special ~delivéry !

" service that can provide mailbox -

icons onthe user's screen:

- “for data analysis. When visitors signup * . ™ ‘Marimba:and its Castanet tech-

with:a channel providet they filouta -+
" ‘menu of toplcs and interests, ‘which' -

““riology is demgned to reduice |
- bandwidth demand by only
. updating content that has .
changed: Castanet is designed.
to distribute and manage itself

E mall

E-mail provndes the ablllty to com-. .

municate easily - with . visitors,

- prospects;. and ‘customers. While e- -
mail enables. a relationship to form
“and increases ‘purchases or visits, it "
.can also capture data about cus-
. tomer interests “or: concerns. E- mail-

‘enhances assite’s ability to form loyal
“relationships with customers through

personalized dlalog The more a site -

~ knows - about its; visitors. and  cus-
~ tomers, .the: easier it is to provide

~them with the products and services .
_ they desire. E- mail Is a very. effective *
“and mexpensnve way to acqune and -

*rnaintain a customer.’ It is non- |ntru-
- sive.and ubiquitous.

8 ‘Care ‘must “betaken, however'
: ~wh\en using e- -mail-to. capture client: .
data. You must make sure you allow',

'the customers to sign up voluntarlly‘
: »and to only send them the informa-_
‘tion they request at the intérvals they:..

request, and most important, give -
them the ab:llty to get off your mail-

; ing I‘|stk Several “mail “servers exist
allowing you the ability to create a
database of recipients based.on cus- -

* tomer profile information.  Servers ‘

and software: products such :as .
Aptex Egain, Majcrdomo Pegasus

. Revnet, ListProc, AltaVista, Arial,
* InfoPtess, and ‘UnityMail allow you

to ‘build. forms " fof - capturing - cus-

‘tomer data directly into a database
“for mining. The Kana:Customer.
- Messaging System e-mail software
_contains a module: that uses Al to .

analyze inbound messages and sort:
them correctly
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about vusrtors data can be. gathered

Chat

Yet another model‘for attractmg visi- -

- fors-and ‘data’ gathermg for mining. .
*are the chat sites found in‘high traf- -
fic locations like search ‘engines and
" online dtrectones ‘Since most chat
 sites require regrstrahon information

and used for targetmg ads based on‘ :
demographlcs, psychographlcs gen:

- der, age, income, and of course the
~ chat discussion topic. Chats also tend :
“'to" be topic-specific, which can pro-
“-vide a method for: data gathenng' ;

about wsrtor mterests

Agents

. ‘Agents or "collaboratlve ﬁltenng" o
. software programs make recommen-.
dations based ‘onprior web activity g
by individuals: with similar demo-
© graphic or: ‘psychographic proﬁles it
- Affinity.or collaborative programsare
«destgned to ‘make recommendatlons ’
.on the basis of what-other people
“have llked with similar: likes and dis-
“likes to those of you. They maker
 their recommendations: based on:
 your preference input and the activ-
; tty of a commumty of users similar to-
+ you. The most prevalent of these col- -
" laborative filtering $ites-and software
.. is FireFly, a pioneer-in ‘using Al tech— 5
- nology for commercial'. purposes:
+These types «of collaborative filtering’
;apphcatlons are usually deployed in
. websites sellmg muSIc, VIdeos :
books; and. other ‘types of recre- :
. what your interests are and through
. these observatrons suggest or search
.~ for |nformatlon produicts, ‘or services
" in your behalf. Because agents: require "
. user registration and specific’ personal
information “and - topics-or keywords -
" they represent yet another method of
' ‘gathering important personal mfor— =
mation for data mmlng

atlonal products and’ services,

" :Some agents dct as frlters brows-;
ing. through large amounts of .data

~-and providing their owners only the

: mformation that matches their crite-

- ria. Most intelligent agents are.typi-

cally - not - website- -specific. * They

instead myolve the retrieval of the
. specific type of intelligence you fur-:

nish- durmg the regnstratlon phase “ :
" There are several types of “agents.”
‘Some are server-specific while others . *

dre designed to cruise the Web in

your‘behalf “For: example’_some
.‘agents are designed to roam the -

Web for specific information you are
interested-in.: This ‘can be keyword- :

. $pecific “or | lndustry‘ or. company-

name-drivén, or take:the form of
mformatnon ona specific technology, .

. news topic, product announcement,
~-stock: price or. actmty, company'-
name ete. - ;

nce. of these agents.

varies. Some are simply.able to search:
" on specific toprcs the owner specifies,

and others, . whlch are -smarter, are‘;i

iable to look over your shoulder and . ‘f
+cue onthe: specmc keywords you typ-' -

tcally search on, gradually “learning” .
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Dealing with Transactional Data

When you first encounter transactional data gathered from your web-
site, find out exactly how it was done, what guidelines are in place,
and how often the logs and forms databases are updated. As in the
case of constructing a data warehouse, bringing together data from
diverse systems often involves dealing with flat-files, relational tables,
and hierarchical and relational systems from multiple operational sys-
tems that at times deal with the same attributes (such as dates) in dif-
ferent ways. The coordination and selection of these data sets will
involve considerable effort and time. In fact, this may be the most
time-consuming part of the entire data mining effort.

Key issues likely to drive your decisions in the selection of your
web data are the portability and cost of both internal and external
databases. A related issue may include security and privacy, especially
in the use of any information provided by your website customers.
Keep in mind that some of the information required for profiling
your customer might not be available—be prepared to do some data
gathering. Be prepared also to deal with inconsistent data definitions,
different encodings of data, and inconsistent values when selecting
and merging your data from multiple sources.

The data requirements for your mining analysis are directly linked
to the output or desired insight that you wish to obtain from your
web database. For most analyses, the general rule is the more the bet-
ter. A second rule in the selection of your web data is that you should
strive to have a good sampling of both types of customers or
accounts, both positive and negative samples: sales and no-sales.
Keep in mind that in your analyses the more descriptive information
you have on a website visitor and customer, the better the predictive
models you are likely to obtain. First and foremost you must recog-
nize why you are accumulating the data which you will be mining—
similarly be prepared to acknowledge that you may need additional
data you don’t currently have.

The bottom line is simply know the data! If you are not con-
versant with the data, you may want to enlist the service of some-
one who has knowledge of the problem domain. It is important to

" select the important variables in the data, such as the dependent
(outputs) and independent (inputs) variables. When dealing with
files or databases from some other departments, find out why the
information was gathered in the first place. It is important to have
the participation and involvement of the retailing, marketing,
shipping, sales, and of course, the web team members during this
process.
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Prepare Your Data

Once the data has been assembled and visually inspected, some deci-
sions must be made regarding which attributes to exclude and which
attributes need to be converted into usable formats.

= What condition is the data in, and what steps are needed to pre-
pare it for analysis?

= What conversions and mapping of the data is required prior to the
analysis? .

m Are these processes acceptable to the users and the deliverable
solution?

m  What strategies must be taken for handling missing data and noise
or outliers?

#  How skewed is the data? Are logarithm or square transformation
needed?

= Do you need to do 1-of-N conversion for categorical fields?

= Do you need to normalize dollar fields by dividing them by 10002
Do you need to convert purchase dates to continuous values?

® Do you need to convert addresses to sectors?

= Do you need to convert Yes/No fields to 1/0?

A graphical tool or a good file editor can assist you in inspecting
the physical state of the data. A visual inspection should provide you
an overview of the number and percentage of blank fields in the data
set. Also, a statistical tool can assist you in identifying important rela-
tions between variables in the data. This, however, may not help in
large data sets. Operational data is organized to be compact for speed
and efficiency; it is not organized for analysis. Carefully review its
format and be prepared to convert it into a format that will yield
insight from its analysis. For example, it may be efficient to have an
account establish date in the format of MM/DD/YY, but it may be
necessary to transform this field to one that equates to “Total
Number of Establish Account Days: NNNN.”

If you are dealing with a very large database, don’t do wholesale con-
versions on the entire data set. It is safer to first do a random extract,
perform the transactions, mine the data, and evaluate the results. If you
are considering using a neural network tool, additional conversion of
the data will be required so that categorical values are converted to 1-
of-N values and all continuous values are converted to ranges between
0 and 1 or into log or square functions. One common method of
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smoothing data is to reduce the number of distinct values for a feature.
A similar technique can be used to “discretize” continuous features into
a set of true-or-false features, each covering a fixed range of values.

Missing data presents a unique problem, especially if you are
using a neural network tool, since they cannot deal with missing
values. Most modern data mining tools provide options on how to
deal with missing values. Care should be taken, however, on whether
a missing value represents a negative response that needs to be re-
coded and used. Consider replacing all missing values with a zero or
an average mean. The drawback to this is that the replaced value is
not correct. Lastly, randomly extract a sample of the data, especially
if you are dealing with a large database, and start with a small pro-
totype model. Start small and expand with your data mining analy-
sis. For example, rather than constructing multiple response models
for all the products in your retailing site, you may want to test only
a few for your major product lines.

. . Enhancing Your Dai :
. One of "c'héisirétegie‘s‘ﬂyod méfwéﬁt . :—:{%rbmj préduCtiQh‘ifkiles‘;; be’“’examplé,fi '
. to take in preparing your data for. . here'are a few.file types with: their. -
* miningislinking it to other databases  content: . . . . o &
our  company may - already have < o

“ontent

 Company File Types

. TamsactionalData  Type of Products or Services Sold
. ZIP Code or Customer
- Demographics
| Ouboudmai

e Tele;niaﬁ(étiﬁg; :

Gender, Age, Income Level, Children -

'Rés‘pénse,_t‘og;aﬁoh,» Household Data : 5

o RESpQHSQ\Rate;{Nufhber‘-‘qr' Mallings"f L

 Customer Information Total Number of Sales, Client Since Date

. Data t\“l\‘/a\feh’oqs‘e‘ : Customer \Pf'oﬁl\é ;byll?rb‘duct and Service- F

. Datamart - Customer Profile by Division or Branch

Cons‘ﬁmer Cfedi’é‘geWkt k ,.CredptZ‘DebitCar\d's,Occh@heitiOgT'MOrtgéige

—1  Chapter 4

Amazon/AlmondNet
Exhibit 1009
Page 148



134

Ten Steps to Mining Your Data

Evaluate Your Data

A structural evaluation of your data should be performed in order to
determine what type of data mining tools to use for your analysis.

What is the ratio of categorical/binary attributes in the database?
What is the nature and structure of the database?

What is the overall condition of the data set?

What is the distribution of the data set?

How skewed is the data set?

Utlllty Tools for Preparmg and Vlewmg Your Dataf

: Quite often durmg this phase of a
data mining project: you will be.. .
" required to visually mspect large text ;

- ‘data sets, such as a server log file.

'Some’umes you' may experience .
- import _errors, which ‘can only. be
- bound to have to deal with different”

: (detected by physncally opening: an
ASCII file and- scanning down to a

“line. item. “The following. software’
tools are quiite useful for domg these_

" types of tasks: .

‘ UItraEdlt—BZ

tor with the follownng’da’cabase han-

: dlmg featureS"

. m Disk- based text edltlng—up to N

- 2GB file size with minimum | 4
RAM used’ even for multl-
“megabyte. files: oo

L m ' Insert string feature at every

- increment (ideal for formatting
- DB records and msertlng hard:
‘ returns) s

. m Insert/fill columns msert hne

““numbers and s sum columns/

. 'selectlon feature

w Column/biock ed:tlng——allows
msertlon/removal of columns of
data :

‘Whenidealing"\)vith databases
from different - sources, you. are

file formats. As such you will néed to -
" import data sets-and convert them -
into a uniform format which you can
-.then .import into -your data mining - -
-+ tool. The following tool is very good
" in doing these typésof conversions.
Thisisa powerful and useful text edi= . e
'Data Junctlon
. This data conversion utility tool per—} :
.'mits ‘users’ to- translate .data to’or
. from’ almost any :structured file: for-

mat, ‘including “databases, flat files, :

*"spreadsheets,” ASCII, binary, EBCDIC, .~
reports and text files, SQL, ODBC,"
'COBOL, ISAMs; vertical applications, -

- mailmerge, ‘ Stats/Math;--and many .

.. others: Data Junction' has filter, edit,
“and mapping capabilities for modify- =

.- ing “characters, fields, and. records =
into the ‘exact format you. required. -

- Specifications can be selected inter-
“actively through a powerful GUI or

via batch automation.
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As a general rule, neural networks work best on data sets with a
large number of numeric attributes. Machine-learning algorithms
incorporated in most decision tree and rule-generating data mining
tools work best with data sets with a large number of records and a
large number of attributes. Empirical studies have shown that the
structure of the data critically impacts the accuracy of a data mining
tool. For example, data sets with extreme distributions (skew > 1 and
kurtosis > 7) and with many binary/categorical attributes (> 38%)
tend to favor machine-learning-based data mining tools.

Often, derived ratios of input fields may be required in order to cap-
ture the impact or'the true value of the inputs—to capture the velocity
of a client value, such as profit or propensity to buy. For example, a
commonly derived ratio is one of debt-to-income: rather than using
simply the debt and income attributes as inputs, more can be gained by
the ratio rather than the individual values. In your web analysis, the
number of site visits or the number of purchases made over time may
provide a better insight into the true value of website customers:

Number of purchases/Number of visits: 7/9 = .77 Propensity to
Purchase Ratio

Total amount of sales/Total number of visits: $39/5 = 7.8 Profit Ratio

Format the Solution

In conjunction with the evaluation of your web data and your busi-
ness objective is the issue of the format your business solution is going
to take.

m What is the desired format of your solution, decision tree, rules,
C code, graph, map?

»  What is the goal of the solution, classification, regression, cluster-
ing, segmentation?

= How will you distribute the knowledge gained by the data mining
process?

m What are the available format options from the data mining
process?

What does management really need, insight or sales?
»  What do you need from the data mining process?

Multiple tools may be required to come up with the ideal data
mining form for your website. For example, you may need to extract
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rules from a clustering analysis. To do so you will need to first per-
form the clustering analysis using a Self-Organization Map or
Kohonen Network. Next you will run the identified clusters through
a machine-learning algorithm in order to generate the descriptive
IF/THEN rules that “profile” the extracted clusters. Conversely, you
may have to first do an analysis using a machine-learning algorithm
on a data set with a large number of attributes in order to compress
it and/or to identify a few significant attributes, and then run those
significant attributes through a neural network for the final classifi-
cation model.

Tradeoffs may be in order, but you must weigh your options
with respect to what your business and website needs are and what
tools you will need in your analysis. What are you after, insight or
results? Often the format of your data mining solution will deter-
mine what data mining tool you will use. If you need to explain
how and why you uncovered a pattern in your web data, you may
need to use a machine-learning algorithm such as a decision tree or
rule generator data mining tool. If all that matters is accuracy and
efficiency, a neural network tool will do. For an e-commerce site,
most likely both paradigms will be advantageous, since knowing
the demographics of customers and increased sales are both
desired goals.

Select the Tools

The selection of the right tool is clearly dependent on the task you
are trying to accomplish. For example, the following matrix describes
what each data mining technology is best suited for:

Tool Type Classification Clustering Description
Genetic Algorithms Yes No No

" Machine Learning Yes Yes Yes
Neural Networks Yes Yes No
Self-Organizing Maps No Yes No

Along with selecting the right technology, the characteristics and
structure of your data must also be considered when selecting the
right tool for the job. Here is a checklist of data-related issues you
need to consider when selecting a data mining tool: ’
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number of continuous value fields
number of dependent variables
number of categorical fields
length and type of records
skewness of the data set

As a rule, machine-learning algorithms perform better on skewed
data sets with a high number of categorical attributes and with a high
number of fields per records. Neural networks, on the other hand, do
better with numeric data. The following are a dozen criteria you need
to consider in the selection of the right data mining tool. They
involve software issues and hardware requirements:

Scalability

As a website and its log files and forms database get larger, a tool’s
performance should improve accordingly. Scalability means that by
taking advantage of parallel database management systems and
additional CPUs, the user is able to work with more data, build
more models, and improve overall accuracy by adding additional
processors. As the data increases so does the complexity, not only in
the number of records but also in the number of attributes, vari-
ables, and possible website patterns. If a platform lacks the ability
to scale, the computationally intensive nature of data mining will
slow and eventually kill the decision support system.

The number of interactions among variables and amount of nonlin-
earity of parameters also contribute to the scalability of complexity. As
the patterns become more subtle among the noise, the need for accu-
racy rises. At this juncture it is important to evaluate what kind of par-
allelism the tool supports. Find out if the tool supports a symmetric
multiprocessing system (SMP) or massively parallel processing system
(MPP). Technical factors affecting scalability include database size,
model complexity, performance monitoring and tuning, as well as
effective model validation. The issue of scalability in a data mining tool
is how well it takes advantage of hardware design, including parallel
algorithms and their direct access to parallel DBMSs. A high-end data
mining tool needs to be able to run on a scalable hardware platform.

Accuracy

Accuracy is measured in the error rate of the algorithm or network
for predictive modeling. There are several ways to evaluation accu-
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racy. It can be measured as the degree of error, that is, determining
how wrong the incorrect answers were. For some applications, it is of
interest to know if the system responded with “no answers” or
“wrong answers,” and for what values of the condition attributes this -
happened. The structure of the data set being used to test it must be
appropriately noted. See R. D. King, C. Feng, and A. Sutherland,
“STATLOG: Comparison of Classification Algorithms on Large Real-
World Problems,” Applied Artificial Intelligence 9(3):289-333, May-
June 1995.

m  How does the algorithm of the tool determine if the characteris-
tics of the problem match?

»  What provisions are made for handling missing values, noise, and
cost computations?

How fast does it train and how does it work on the new data?
How does it treat the dependent and independent variables?
How much noise can it handle before accuracy drops?

How sensitive is the algorithm to noise?

How sensitive is it to missing data?

Formats

A data mining tool incorporating a machine-learning algorithm
should provide a feature for viewing the most important rules or fac-
tors it discovers. The tool should not only be effective in detecting
patterns, it should also provide you an insight into what is happening
in your website and allow for easy and quick interaction with the
data. The simplest explanation to the activity in your website is the
preferable solution in discovering the nature of the customer transac-
tions under analysis. A data mining tool should generate its results—
trees, formulas, weights, graphs, or rules—as simply as possible in
order to uncover as many unseen objects as possible. For a data set of
some size, such as one from a large web retailing site, reading through
all the rules will be an impossible mission for a user, even if each rule
is simple to understand. For this reason a tool should generalize a
simple solution while at the same time incorporate features to avoid
overfitting. That is to say, general rules should describe what activity
is taking place at a high level at your website.

You must ask if your tool incorporates a feature for prioritizing
its results and, if it does, how it accomplishes this: what factors
does it use, what significance level does it use, what is the per-
centage of its probability and accuracy, how many numbers of cases
does it incorporate in its rule, and so forth. Does the tool offer
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some form of visualization aid, such as histogram of errors by busi-
ness graphs, or can its market segments be mapped to geographic
maps? Is the tool designed to work on a desktop or in a
client/server environment? Size is not a true measurement of the
complexity it can handle—quite simply the only thing a tool’s
architecture may indicate is the amount of data it can process and
not the complexity it can mine.

Solutions

A data mining tool should help you understand the results of its
analysis by providing simple yet exact measurements, such as pre-
dicted error rates, level of significance, and/or rate of accuracy.
What kind of output (solutions) does the tool generate: decision
tree, C code, IF/THEN rules, narrative reports, graphs, visualiza-
tion, SQL syntax? Some tools produce results that are relatively
easy to interpret, such as decision trees that can be expressed as
rules. Other tools, such as a back-propagation neural network, may
make good predictions but may be difficult to understand. Ideally,
both understanding and accuracy should be balanced in the format
of the tool’s solution.

The tool should also incorporate adequate instruments to allow the
user to perform a sensitivity analysis on its output results. Does the tool
include some interface for exporting the results of its models to other
visualization or OLAP tools? What kind of GUI is provided for model
building? Does the tool provide an APIL, which can be used embedded
in a production system, in C, Visual Basic, or PowerBuilder?

Preprocessing

Preparing the data for analysis is one of the most time-consuming
aspects of data mining. Your web server log files generally are comma-
delimited, so the tool you select should be able to read this format with-
out difficulty. Your forms database is most likely housed in some
relational database, which again your tool should be able to connect to.
Any special features a tool can perform to ease this process will greatly
expedite the development of knowledge extraction and the construction
of your predictive models. Some preprocessing functions to consider in
evaluating a tool should include its ability to do some of the following:

data cleaning

data selection

data description
data transformation
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A key feature of a data mining tool is its ability to cope or handle
the data “as-is” in order to do some autonomous data cleaning, such as
dealing with missing values, by giving you the options to “discard,”
“average,” “alert,” “exclude,” etc. The tool you select should be able to
provide some descriptive report on the quality of the data to the user.

= How well does it describe the data, row and value counts and dis-
tribution of values?

» Can it “sense” the difference between continuous value and cate-
gorical fields?

» Can the tool recognize and deal accordingly with integers, real
numbers, etc.?

» How does the tool handle missing data or identify integrity
violations?

= Can the tool explode categorical variables into dichotomous
variables?

= Can the tool “map” fields or change them on the fly?

m  Can the tool group continuous variables into ranges?

= Can the tool do calculations of existing columns?

= Does the tool require extensive data preparation?
Connectivity

Some data mining tools require that the data being mined be extracted
from the target databases into their internal file format, whereas others
can work directly against the database. A scalable data mining tool that
can directly access your web server using its native SQL can maximize
performance and take advantage of special performance features, such
as parallel database access. Consideration should be given to those tools
that can optimize performance by allowing the data mining processing
at the server level. Although you likely will want to mine your data on
a dedicated server set aside exclusively for data analysis.

»  Can the tool consolidate data from multiple sources for individual
analysis?

= If the tool is currently ODBC compliant, what drivers does it sup-
port? .

m  Does the tool incorporate an HTML or a JAVA interface?

Import/Export

Data mining tools that provide an easy integration path with other
products offer additional ways to get the most out of the total data
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mining and knowledge discovery process. Related to connectivity is
the feature of importing data: does the tool support multiple formats
such as ASCII, Access, Excel, comma or tab delimited, SAS, SPSS, and
other specific DBMS, etc.? What conversion does the tool make with
the original data it imports and at what ratio? Does the tool allow for
the exporting of code, syntax, rules, etc.? Many database products
(including traditional query, reporting, graphics, and visualization
tools) can assist in the understanding of the data before and after the
data mining process. The tool should provide the capability to easily
link its results to an exportable format that can be visually enhanced
for a presentation to management or others.

Memory Management

Normally a data mining tool’s memory requirement will only be linear,
depending on the size of the data set. The time complexity of the learn-
ing phase is a very limiting factor for many of today’s data mining tools.
If the algorithm used, for instance, uses exponential time growth, the
maximum size of the training set will be quite limited. When consider-
ing the memory usage of a data mining tool, only the complexity mat-
ters, as for time usage. Still, the memory usage could give an indication
as to what kind of system is necessary in order to handle “normal”
amounts of data, in terms of number of records and rows.

On the other hand, whether a complex system uses one or two
hours is usually of less importance. For a tool using iteration to
achieve better and better accuracy, the time taken into evaluation
must be the time to reach a certain level of accuracy. In the evalua-
tion of a tool, consideration should be given to this time/complexity
factor. Know in advance that certain tools, such as those based on an
SOM network or a genetic algorithm, operate on a data set in such a
way that they are very computationally intensive—meaning results
may not be available for several hours.

Performance

Speed and accuracy both contribute to the evaluation of a data
mining tool’s overall performance. Speed is measured by how fast
a model is built, as well as how fast a deployed predictive model
can evaluate new data. Given the tool’s design network or algo-
rithm, how does it process the data, via single or multiple passes?
Another factor impacting performance is cost—that is, the cost of
providing a learning data set in the development of a model. This
cost includes the number of examples necessary and the cost of
assuring a needed accuracy in the learning set of a model. In most
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instances the sheer volume of transactions for a large website dic-
tates that this will not be a factor or concern. The cost factor
should be considered in the evaluation of a tool’s overall perfor-
mance. Somewhat related to this criteria is the issue of data limita-
tions, that is, whether the tool restricts the type of variables it is
capable of processing.

®  What are the limits to the number of ranges or intervals it can
group?

Can the tool assist in the understanding of the results of the analysis?
Does the tool require numeric or discrete data fields?

Can the tool present results in a graphical format?

How many categories can the tool process?

Noise

Tool accuracy is often affected by noise, which is the result of irrelevant
columns, missing or incorrect values, or cases that don’t conform to an
underlying pattern. In evaluating the robustness of a data mining prod-
uct, you must answer the question of how much of this noise the tool
can stand before its accuracy drops. Instead of evaluating a data mining
tool based on a bell-shaped training set, one should also measure a sys-
tem’s noise-handling capabilities. Different levels of noise should be
added to the training set, and the number of correct classifications with
the new rules should be noted. If the noise added to the training set
created inconsistencies, the resulting classification errors should be
studied carefully, as some systems, for instance, will create conflicting
rules with no hints to which one to choose in a particular situation.

—

Paradigms

A key criterion for a data mining tool is the data mining technologies
it supports. For example, can the results of analyses be linked or
passed from one classification system to another, in order to develop
a hybrid solution? An example of this is being able to'do clustering
using an SOM (Kohonen Network) and then generating rules from a
sub-cluster using a machine-learning algorithm (C5.0)—all within
one data mining suite is an ideal feature. In the analysis of the data
mining tool, specific references on the type of technologies should be
noted in order to optimize its results.

= What are the underlying technologies and techniques of the tool?
Are they proprietary or generic? And most importantly, are they
linked?
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= Can the tool split the data into training and testing sets? Can the
user select the ratio of this split?

» Is the analysis entirely automated and closed, or does it allow for
some degree of customization?

= Does the data mining incorporate more than one classification
algorithm or network?

»  Does the interface allow for the close evaluation of results of the
analysis?

s  How intuitive is the tool? Does it require extensive training?

» s there an application program interface (API)?

m  What is the current version of the tool?

Efficiency

Finally, consider the criteria of the data mining tool’s efficiency. Will
it take much time to take a decision based on the data mining process?
For example, in developing a set of weights or rules, what matters is
how we find the formula or rule to use. If the rulés are sorted some-
how, it may be possible to use indexing or search methods to find the
most general and robust rule quickly. Otherwise, the complexity of
taking the decision could be higher than if, for instance, all rules must
be compared pair-by-pair. Some tools offer solutions in the form of
hundreds of rules, which defeats the purpose of data mining—uncov-
ering a simple pattern from a massive amount of customer online -
transaction data. For example in a decision tree, the complexity of
decision-making is usually some function of its width and height. In
the evaluation of a data mining tool, how it handles this issue of com-
plexity and efficiency needs to be addressed and considered.

Tool Selection

Other nontechnical issues are of course platform and price, as well as
the availability of training, consulting, and support. The range in
prices for data mining tools vary greatly, starting from a $5,000 desk-
top single technology system to a multiple paradigm suite with each
module costing in excess of $135,000. Keep in mind, however, that
both of these systems may be based on the same core technology, such
as a variation of the CART algorithm or a back-propagation neural
network. The difference in price is really dependent on the platform
each of the systems is designed for deployment on, as well as the scope
and size of the web data set each system is required to mine. Some data
mining companies are new and small and may not be around for long.
What is important to note, however, is the technology that their tools
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e ————F
Figure 4-6

How machine-
learning
algorithm tools
identify cus-
tomer clusters.

Figure 4-7
How neural
network tools
identify cus-
tomer clusters.

———
Figure 4-8

How neural
network tools,
optimized with
a genetic
algorithm tool,
identifies cus-
tomer clusters.

are based on, such as neural networks and machine-learning and
genetic algorithms, is a mature and robust technology that will survive
over time.

Lastly, you need to step back and consider outsourcing rather than
purchasing a data mining tool and the related training it may require
of your staff. As with other information system projects, outsourcing
or consulting is always an option. This may be more cost effective
over time; after all, you are not buying software as much as buying

Machine-Learning Algorithms

¢ = Customer Profile n = Non-Customer Profile

Neu_ral Networks

o

¢ = Customer Profile n = Non-Customer Profile

Genetic Algorithm + Neural Network

¢ =Customer Profile n = Non-Customer Profile
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the knowledge and insight it provides from your transactional data.
However, as previously stated, data mining is an iterative process,
which means that you may be churning data on a fairly regular basis
from your website, mandating that you incorporate data mining as
part of your everyday operation.

If your data is highly skewed, you may want to use a machine-
learning algorithm tool, which can locate profitable customer clusters
distinctly independent of one another (Figure 4-6). If your data is
nonlinear, you may want to use a back-propagation neural network
tool, which can map a data space more efficiently than linear regres-
sion (Figure 4-7). You may want to optimize your neural network
tool with a genetic algorithm tool (Figure 4-8).

A Tool .S’hiofpp'il‘iﬁg‘f “T,ip: Kick the Tires before Buying

© You may want to start by brbwsing

the Web for: samples: of ‘evaluation -
~copies of data mining tools. A key site = -
s www,kdnuggets.com; a ‘data min-
“ ing directory of corripanies, tools, and
- reference materials. Keep in mind the '
. platform réquiremnents in the selection.

may require more ‘than one - tool—
consider the benefits of a data mining
suité which incorporates multiple par-
adigms. ‘Finally, ask: for a’ Proof-of-'
Concept ‘evaluation: copy. of . the
software. For example, some vendors

will provide: special pricing for a 90-

Jof tools and the various features each

day “try-out” deal of their tool.
-~ provides. Keep in mind also that you: @ Lo :

Construct the Models

It is not until this stage that the actual data mining of your website
files begin. This is the process of searching for patterns in a data set
and the generation of classification rules, decision trees, clustering,
scores, weights, and evaluation and comparison of error rates.

s s additional data available which could help the performance of
the models?

m  What are the model error rates? Are they acceptable? Can they be

improved?

Is a different methodology necessary to improve model performance?

How many models do you require for your entire website?

Train and test models using a random number seed?

Output SQL syntax for distribution to end-users?

Supervised learning or unsupervised learning?
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Incorporate C code into a production system?
Integrate rules in a decision support system?
Purge noisy and redundant data attributes?
Classification, prediction, or clustering?
Monitor and evaluate results?

Will you be developing a model via supervised learning? This is a
situation where you have samples of both negative and positive cases:
website buyers vs. website non-buyers, web visitor respondents vs.
web visitor nonrespondents, etc. In most instances, especially for a
large electronic retailing site, you will have thousands of samples from
which you can develop your models, in which case you will be per-
forming supervised learning for classification or prediction. However,
if you have multiple products and services, most likely you will need
to construct separate models for each. For example, the propensity to
buy one category of products, say BeatlesCD.htm, will be different
from StonesCD.htm or PoliceCD.htm. Furthermore the propensity for
each product line will also require a specific model, so that a model
for AbbeyRoadCD.htm will be different from WhiteAlbumCD.htm.
To what extent you want to refine your modeling efforts depends on
your resources and time.

If you don’t have a sample of both positive and negative cases, you
will most likely be performing clustering, or unsupervised learning.
This process is much more difficult to do than classification, but it
may be necessary. Clustering is often done to discover consumer pat-
terns. Retailers often do a type of data mining clustering commonly
known as “market basket™ analysis to better position certain products
that tend to sell in unison or to offer special incentives. For example,
a clustering analysis might discover that consumers who buy pre-
mium wine tend to also buy deli cheese, while those who buy micro-
brewery beer tend to instead purchase deli meats.

Similar purchasing patterns can be uncovered in a commercial
website, for example, where certain products tend to be bought at the
same time. Sequencing may be involved between a point in time when
one product is purchased, such as an ink-jet printer this month and
ink-jet cartridges 30 or 60 days later. An exhaustive amount of pur-
chasing associations and patterns exist in large websites such as one
selling relatively inexpensive consumer items like books, CDs, toys,
and software. Visual associations can be explored, which can lead to
cross-selling opportunities.

Both supervised and unsupervised learning require that you split
your data into training and testing sets. This can be in a 90/10, 70/30,
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or 60/40 ratio. The splitting of the original data must be done using
a random seed number; almost all modern data mining tools incor-
porate a feature for splitting your data and evaluating the results of
the models you create. Once the training set has been used to con-
.struct a model, the test set is run through the data mining model in
order to evaluate its accuracy. Dividing the number of incorrect clas-
sifications by the total number of instances produces the model’s
error rate. Dividing the number of correct classifications by the total
number of instances gives the model’s accuracy rate.

Almost all of the current data mining tools provide a method by
which you can measure the accuracy of the models you can construct
with them. They facilitate the process by which you can split your data
into training and testing data sets. They each also provide methods by
which you can randomly test and compare the results of your training
and testing data results. Decision tree tools, for example, provide
detailed output designed to show the differences between the current
tree and the alternate data set. Some tools allow for the “resubstitu-
tion” of data so you can test on the same data that you trained your
model on. However, it is always best to test with an alternate “unseen”
data set to perform the test. This alternate data set can come from a
hold back sample created by partitioning your data or from an
imported, external file.

Validate the Findings

As previously mentioned, a data mining analysis of your website will
most likely involve individuals from several departments, such as
Information Systems, Marketing, Sales, Inventory, etc. It most defi-
nitely will involve the administrators, designers, analysts, managers,
and engineers responsible for designing and maintaining the day-to-
day operations of your website. It is important after you have com-
pleted your data mining analysis that you share and discuss your
findings with all of them. Domain experts (people who are the spe-
cialists in their area) need to be briefed on the results of the analysis
to ensure the findings are correct and appropriate to your site’s busi-
ness objectives. This is the sanity check: You need to be objective and
focused on your initial goal for mining your website. If your data
mining results are faulty—whether it is due to the data, tool, or
methodology—you may need to do another analysis and reconstruct
a new set of models with their participation and input.

What important relationships were discovered between the inde-
pendent and dependent variables? For example, do the demograph-
ics you discovered about your website visitors and customers match
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those of prior marketing analyses? A website selling game software
will likely have totally different customers from those of an invest-
ment brokerage site. Keep in mind too some of the inherent demo-
graphics about who uses the Web in general, for this may skew your
perception of who your website customers are. People on the Web
tend to be better educated and a bit more affluent than average, but
this is also slowly changing every month as more and more people
get “wired.”

Another side issue at this time may be presenting the results to
management and the various departments in your company, includ-
ing your web administrators and designers. It is important that they
understand the implications of the data mining analysis. In other
words, now that you have identified unique consumer patterns or
identified a specific web consumer profile—how are you going to val-
idate it? The validation of the findings often involves testing a model
with “real bullets” in field situations. For example, a field test may
involve making a special offer on your site, or doing a special e-mail-
ing campaign. You will need to do a test to measure how well your
data mining findings or models improve your business bottom line,
like response rates and/or sales figures. To minimize risk you may
want to do a control test to measure how well your data mining mod-
els perform and how well they improve existing baselines prior to full
implementation involving all product lines.

Deliver the Findings

A data mining report should be prepared documenting the entire data
mining process, including the steps you took in selecting and preparing
your data, the tools you used and why, the tool settings, your findings,
and an explanation of what the code that was generated is supposed to
do. As with any business process, you need to establish both baselines
and procedures. In your analysis report you need to comment on the
results of the data mining analysis, stating whether it meets the business
objective of your website. If for some reasons it doesn’t, you should
state why not. You may want to include in your report how the data
mining analysis results can be improved. Is different or new data war-
ranted? Perhaps external demographic and household information
should be brought in, or you could capture better information via
newly designed registration forms or cookies in your website.

You should include some recommendation for action stemming
from the data mining analysis. For example, if you found that most of
your website customers are young professionals, you may want to sug-
gest some subtle changes to the content and design of your site. Data
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mining is an iterative process, and its documentation will ensure that
improvement in the effectiveness of your website, especially if you are
involved in electronic commerce, will continue over time. These incre-
mental improvements will occur not only in how data mining takes
place in your website and your company but also in the accuracy of the
models and in the improvement of your online sales and marketing.

Integrate the Solutions

This final step inthe data mining of your website data project is really a

' commitment to continue the process of learning from your firm’s online
transactions. This process involves incorporating the findings into your
firm’s business practices, marketing efforts, and strategic planning. Data
mining is a pattern-recognition process involving hundreds, thousands,
or maybe millions of daily transactions in your website.

Integrating Your Website and Data Warehouse

The integration of your website data with your company information
file or data warehouse can assist your company in knowing how your
current customers match in characteristics with those of your website
visitors. As with the mining of your data warehouse, the integration
of your website data will further enrich your insight about the attri-
butes of your current and potential customers.

Through the integration of your website with your internal produc-
tion company databases, you can provide website visitors timely infor-
mation about your inventory, services, and customer support. While
doing this you can also begin to learn who they are and what they like
and dislike about your products and services. By mining the data col-
lected about your website visitors you can begin to serve them with the
type of information their demographics indicate they want to possess.

Your company can communicate to its customers in a highly per-
sonalized tone and manner. By integrating web purchasing informa-
tion with your data warehouse, you can acknowledge purchases,
remind customers about similar products, and cross-sell related or
complementary services. Several measurements can be mined, includ-
ing the date of the most recent purchases, the dates of those pur-
chases, and the total amount of money each customer has spent at
your site. The mining of these measurements can be used to calibrate
customer value, profitability, and loyalty.

Through the merger of your data warehouse and website, several
deliverables are possible, including the identification of your most
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profitable customers and potential future clients. With this profile
you can move to target and develop new potential clients while they
visit your website. Comparisons of several attributes can be made
between your existing customers and those of your site visitors in
order to fine tune or alter your ads, offers, incentives, pricing, mes-
sages, banners, and other communications. Through this matching
you can also make some informed decisions about marketing cam-
paigns and the overall design of your website. For example, you can
investigate how your current customers compare to your web visitors
in terms of the following atmbutes

m Age

Gender

Income

Hobbies

Occupation

Marital Status

Home Location

Education Level

Recreational Interest

Disposable Income Ratio

Psychographics and Demographics

Psychographics are measurements of individual’s attitudes and
lifestyle characteristics. Such measurements are excellent indicators
on how website visitors and customers are thinking and where they
are going with their lives. SRI International, an independent non-
profit research institute, has developed eight Values and Lifestyles
(VALS) categories for consumer types:

= Actualizers

= Fullfilleds

m  Achievers

m  Experiencers
m  Believers

w  Strivers

= Makers

m  Strugglers

VALS categorizes U.S. adult consumers into mutually exclusive
groups based on their psychology and several key demographics.
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VALS is unique because it highlights factors that motivate consumer-
buying behavior. VALS looks at the underlying psychological make-
up of people. It looks at the human side of the equation, for
example, preferences for such values as control or freedom, tradi-
tion or novelty, information or stimulation, hands-on activity, or
intellectual abstractions. One of the SRI’s recent developments is
iVALS, which is a profiling system designed to enhance the useful-
ness and quality of online environments for end users, content
providers, and intermediaries. iVALS profiles web users and clusters
them along the following categories:

m  Wizards

= Pioneers

m  Upstreamers

s Socialites

s Workers

m Surfers

= Mainstreamers
» Sociables

= Seekers

» Immigrants

This is an example of an iVALS profile:

The iVALS Wizards Profile

Wizards are the most active and skilled Internet users. Computers are
a key aspect of their lifestyles, and mastery of technology figures
prominently in their identities.

More than 80% of Wizards have been on the Internet for three
or more years. Although Wizards report meeting many new people
during their years online, it is likely that such friendships often stay
virtual. That is, Wizards are not necessarily seeking to meet people in
the traditional sense. Rather, their sociability appears as a byproduct
to their beavy involvement in so many aspects of Net culture.

Nearly everyone in the Wizard group has performed relatively
esoteric functions such as videoconferencing on the Internet or cre-
ating Web pages. Half have participated in a MUD or MOO. Most
would call themselves computer power users. Many have used
WWW retail sites, and all own a lot of games or multimedia, espe-
cially for adults.
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